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I.  INRTODCUCTION 

This  Idea  Award  (PC040282/W81XWH05-1-0041),  entitled  “Prostate  Dose  Escalation  by  Innovative 
Inverse  Planning-Driven  IMRT”)  was  awarded  to  the  principal  investigator  (PI)  for  the  period  of  Nov  1 , 
2004 — Oct.  31,  2007.  This  is  the  annual  report  for  the  third  funding  period  (Nov.  1,  2006  -  Oct.  31,  2007). 
Due  to  a  delay  in  having  a  postdoctoral  fellow  with  right  training  background  on  board  during  the  course  of 
the  project,  an  one  year  no-cost-extension  was  filed  and  granted  by  DOD.  The  scheduled  completion  date 
will  be  Oct.  31,  2008. 

The  goal  of  this  project  is  to  improve  current  prostate  IMRT  by  establishing  a  novel  inverse  planning 
framework.  Under  the  generous  support  from  the  U.S.  Army  Medical  Research  and  Materiel  Command,  the 
Pi’s  research  team  has  made  significant  progress  toward  the  general  goal  of  the  project  and  contributed  greatly 
to  prostate  cancer  research.  A  number  of  significant  conference  abstracts  and  refereed  papers  have  been 
resulted  from  the  support.  The  preliminary  data  obtained  under  the  support  of  the  grant  has  also  enabled  the  PI 
to  start  new  research  initiatives.  In  this  report,  the  past  year’s  research  activities  of  the  PI  are  highlighted. 


II. RESEARCH  AND  ACCOMPLISHMENTS 

We  have  worked  on  several  important  projects  in  the  past  year  to  improve  the  existing  prostate  radiation 
therapy.  These  can  be  categorized  as:  (1)  Intrafractional  prostate  motion  in  hypo  fractionated  prostate 
radiation  therapy  (Appendix  10);  (2)  Automated  contour  propagation  for  prostate  plan  re-optimization  ' 
(Appendices  3,  8,  9  &11)  and  image  registration  (Appendices  5,  6  &  9);  (3)  Adaptive  prostate  radiation 
therapy  planning5, 6  (Appendices  1  &  2);  (4)  dose  reduction  and  image  enhancement  of  CBCT  for  adaptive 
radiation  therapy7'9  (Appendix  13);  and  (5)  IMRT  dose  reconstruction10, 11  (Appendices  7  &12).  By  using 
the  new  inverse  planning  techniques,  we  can  now  significantly  improve  the  radiation  dose  distributions  as 
compared  with  the  current  practice.  The  study  should  have 
widespread  impact  on  clinical  prostate  IMRT  in  the  future. 

Intrafraction  prostate  motion:  Intra- fractional  organ 
motion  has  long  been  recognized  as  one  of  the  major  limiting 
factors  of  prostate  dose  escalation  in  conformal  radiation 
therapy  and  IMRT12"14.  A  detailed  knowledge  of  prostate 
motion  would  help  to  understand  the  nature  and  degree  of  the 
adverse  influence  of  the  uncertainty  and  provide  guidance  in 
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dealing  with  the  issue.  The  known  motion  can  also  be  Figure  1  A  plot  of  the  percentage  of  data  sets  for  the 

prostate  target  to  move  more  than  1mm  (red),  2mm 

included  into  inverse  planning  process  to  minimize  its  (green),  3mm  (blue),  4mm  (light  green),  5mm 

15  16  (magenta),  . . .,  for  sampling  durations  of  30  s,  60  s,  90 

adverse  dosimetric  influence  ’  .  We  have  recently  studied  S)  120  s, 
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the  intra-fractional  prostate  motion  in  the  hypo  fractionated  treatments  of  21  prostate  cancer  patients1 
(Appendix  10).  During  the  treatment  of  these  patients,  a  stereoscopic  kV  X-ray  system  was  used  to  obtain 
the  position  of  the  prostate  target  through  the  monitoring  of  implanted  gold  fiducial  markers.  During  the 
treatment,  the  deviation  is  examined  every  30  -  40  s.  It  was  found  that  almost  all  these  cases  show  a  certain 
degree  of  prostate  movement.  The  spread  of  prostate  position  increases  as  the  time  elapses.  As  summarized 
in  figure  1,  at  30  s,  a  motion  larger  than  2mm  exists  in  about  ~5%  of  data  sets.  The  percentage  is  increased 
to  8%,  11%,  and  14%  at  60s,  90  s,  and  120  s,  respectively.  Our  study  emphasizes  the  importance  of  real¬ 
time  imaging  during  prostate  radiation  therapy,  in  particularly  a  hypofractionated  treatment.  We  are 
working  on  effective  means  of  compensating  the  intra-fractional  movement  to  ensure  adequate  dose 
coverage  of  the  tumor  target. 

Automated  contour  propagation  and  deformable  image  registration :  automated  contour  propagation  is  a 
critical  step  in  online  or  offline  IMRT  planning  based  on  the  on- 
treatment  cone  beam  CT  images.  We  have  investigated  a  few 
automated  contour  propagation  strategies  from  pCT  to  CBCT  . 

This  includes  (i)  deformable  registration  of  two  input  images18;  (ii) 
sparse  volume  sampling  along  manually  outlined  contours  ;  and 


(iii)  warping  of  narrow  band  encompassing  the  manually  Fig-  2  A  sketch  of  narrow  band  surrounding  a 

rectal  contour  (left).  Right:  a  band  construction 

segmented  contour  with  and  without  the  incorporation  of  a  priori  connecting  two  vortices  A  and  B. 
tissue  features  (see  Fig.  2  for  a  sketch)2  3’ 4’ 19.  The  narrow  band  approach  outperforms  all  existing  methods  in 
computational  efficiency  (speed  and  memory  usage),  accuracy  and  robustness,  especially  if  correspondence 
between  two  images  acquired  at  different  times  do  not  exist  due  to  variations  in  the  image  content  (such  as  a 
change  in  rectal  filling).  We  found  that  the  incorporation  of  pre-associated  tissue  features  identified  by  SIFT 
method  greatly  enhances  the  performance  of  warping  algorithm  and  makes  reliable  contour  mapping  possible 
for  some  challenging  cases.  In  Fig.  3  we  show  the  results  of  a  digital  phantom  experiment,  in  which  an  image 
(la)  is  intentionally  deformed  into  two  dramatically  different  ones  (3b  &  3c).  Overall,  the  mapped  contours  can 
capture  the  main  features  of  the  two  dramatic  deformations,  and  conforms  to  the  rectum  boundaries.  In 
obtaining  the  result,  a  total  of  52  control  points  were  identified  by  the  SIFT  calculation.  For  clarity,  a  selection 
of  the  control  point  associations  is  displayed  in  Fig.  3.  The  number  of  control  points  identified  here  is  far  more 
than  that  commonly  used  in  regular  TPS  calculation,  allowing  an  improved  deformable  warping  of  the  narrow 
band.  The  displacement  field  derived  by  TPS  is  shown  in  Fig.  3c  together  with  the  known  displacements  (Fig. 
3d).  The  subtraction  of  the  two  displacement  fields  (Fig.  3e)  shows  that  the  average  deviation  of  the 
displacement  is  less  than  1.6mm.  The  feasibility  study  here  shows  significant  promise  of  the  SIFT-based  narrow 
band  approach  for  auto-segmenting  CBCT  images.  This  work  has  been  submitted  to  International  Journal  of 
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Radiation  Oncology,  Biology,  Physics  for  consideration  of  publication.  The  postdoc  who  carried  out  the  study  were 
recently  received  the  ASTRO  Basic  Science  Travel  Award  for  this  work. 


Fig.  3,  Left  two  panels:  control  points  identified  by  SIFT  in  a  2D  image  and  its  deformation.  The  TPS-derived  displacement  field, 
intentionally  introduced  displacement  field  and  their  subtract  are  shown  in  3rd,  4th,  and  5th  panel,  respectively. 

Strategies  of  CBCT  dose  reduction  and  quality  enhancement:  Onboard  CBCT  imaging  2022plays  an  essential  role 

7  9 

in  the  success  of  adaptive  prostate  IMRT.  We  are  developing  methods  for  enhancing  the  performance  of  CBCT  ’ 
and  reduce  radiation  dose  incurred  during  frequent  CBCT  scanning  (Appendix  13).  To  assure  the  functionality  of 
the  system  we  have  also  developed  an  image  phantom  and  software  tool  for  the  onboard  imaging  system 
(Appendix6).  Generally,  the  patient  has  already  had  a  planning  CT  (and  possibly  one  or  more  CBCT)  before  an  on- 
treatment  CBCT  is  acquired.  The  earlier  imaging  data  can  be  utilized  as  a  priori  knowledge  to  enhance  the  CBCT 
images  in  subsequent  scans  and  to  reduce  the  radiation  dose  in  routine  CBCT  imaging  process.  Previously,  we  have 
successfully  demonstrated  that,  the  image  quality  of  a  4D  CT  or  4D  PET  phase  can  be  improved  significantly  by 
incorporating  measured  noise  spectrum  and  “borrowing”  information  from  other  phases,  providing  a  viable  solution 
to  a  longstanding  problem  of  the  competition  between  spatial  and  temporal  resolutions  .  Application  of  this  strategy 
to  CBCT  significantly  reduces  the  view-aliasing  artifacts  and  leads  to  high  quality  images  for  therapeutic  guidance7" 

9.  Our  hope  here  is  that  the  information  from  previous  pCT  or  CBCTs  can  be  incorporated  effectively  through 
deformable  registration  in  image  or  even  raw  data  space5  so  that  the  radiation  dose  of  CBCT  acquisition  and/or 
image  quality  can  be  improved  dramatically.  This  will  greatly  facilitate  the  future  CBCT-based  dose  calculation, 
image  registration  and  IMRT  planning. 

Retrospective  IMRT  dose  reconstruction:  With  the  development  of  highly  conformal  radiation  therapy 
techniques  such  as  IMRT  and  BCRT,  how  to  accurately  deliver  the  high  radiation  dose  to  the  prostate 
target(s)  and  verify  the  dose  distribution  while  sparing  the  sensitive  structures  becomes  a  major  concern. 
Study  has  been  carried  out  to  reconstruct  prostate  IMRT  dose  distribution  using  CBCT  and  planned  fluence  maps 
from  the  planning  system  .  This  maneuver  is  based  on  the  assumption  that  the  planned  fluences  can  be  faithfully 
realized  by  the  delivery  system.  In  reality,  there  might  be  errors  associated  with  the  leaf  motion  and  fractional  MU 
delivery  such  as  overshoot,  undershoot  segmental  MU,  dropped  segments,  and  beam  delivery  during  leaf  motion  . 

A  more  pragmatic  approach  is  to  use  the  fluences  actually  delivered  for  the  treatment;  therefore,  we  propose  to 
retrieve  the  MLC  log-file  which  records  the  leaf  position  of  each  individual  leaf  and  the  fractional  MU  status  during 
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the  actual  delivery  from  the  MLC  workstation  and  derive  the  delivered  fluence  map  from  it.  We  have  recently 
established  a  methodology  and  procedure  to  reconstruct  the  dose  based  on  a  series  of  on-treatment  CBCTs  and  the 
log-files  taking  into  account  the  changes  of  the  patient’s  anatomy  (Appendices  7  &  12).  A  manuscript  reporting  this 
work  has  now  been  published  n.  In  this  study,  the  respective  MLC  log-files  were  retrieved  and  converted  into 
fluence  maps  using  a  preliminary  fluence  model  .  The  dose  was  then  reconstructed  on  the  corresponding  CBCT. 
The  reconstructed  dose  distribution,  dosimetric  endpoints,  and  DVHs  were  compared  to  the  original  plans. 
Dosimetric  changes  as  large  as  10%  were  observed  for  some  critical  organs  due  to  the  anatomic  variations  caused 
by  setup  inaccuracy,  organ  deformation,  tumor  shrinkage  or  weight  loss  or  both,  re-emphasizing  the  need  for 
adaptive  replanning.  The  dose  reconstruction  is  valuable  to  examine  the  actual  dose  delivered  to  the  patient.  It  also 
affords  an  objective  dosimetric  basis  for  the  clinical  decision  on  whether  a  re-planning  is  necessary  during  the 
course  of  treatment,  and  provides  a  valuable  platform  for  heading  toward  ART. 

Voxel  specific  penalty  scheme  based  inverse  planning  for  adaptive  prostate  radiation  therapy:  To 

ensure  adequate  dose  coverage  of  the  prostate  while  sparing  the  rectum  and  bladder  in  the  presence  of  daily 
anatomical  change  in  prostate  IMRT,  we  are  developing  an  adaptive  inverse  planning  strategy  for  improved 
prostate  radiotherapy.  Newly  emerged  onboard  CBCT  is  used  to  acquire  the  volumetric  anatomical 
information  of  a  patient  prior  to  treatment  on  a  routine  basis.  With  the  image  registration  and  contour 
mapping  as  described  above,  an  IMRT  treatment  plan  is  adaptively  modified  with  consideration  of  organ 
deformation  and  delivered  doses.  For  the  margins  used  in  current  prostate  IMRT,  we  found  that  seminal 
vesicle,  bladder  and  rectum  doses  benefited  most  from  the  adaptive  therapy  basis.  In  addition,  our  study 
suggested  that  correcting  the  patient’s  daily  setup  just  through  the  translation  and  rotation  is  often  not  enough 
and  accounting  for  the  organ  deformation  is  important,  especially  if  the  target  margin  is  to  be  reduced  for 
dose  escalation  or  for  hypofractionated  treatment.  The  new  optimization  framework  has  recently  been 
published  in  Physics  in  Medicine  and  Biology6  (Appendix  2).  We  are  continuing  this  effort  in  incorporating 
the  voxel  specific  penalty  into  the  plan  re-optimization  process27.  We  anticipate  that  the  voxel  specific 
penalty  will  not  only  substantially  improve  the  dose  distribution,  but  also  provide  an  effective  tool  for  near 
real-time  modification/fine-tuning  of  the  treatment  plan.  This  new  adaptive  IMRT  scheme  will  substantially 
improve  the  current  IMRT  treatment  plan  optimization  and  dose  delivery  process. 

III. KEY  RESEARCH  ACCOMPLISHMENTS 

•  Investigated  intrafraction  prostate  motion  and  its  influence  on  prostate  IMRT. 

•  Developed  method  for  auto-propagation  of  contours  from  planning  CT  to  CBCT  for  on-line/off-line 
inverse  planning. 
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•  Established  a  novel  technique  to  enhance  on-board  cone -beam  CT  and  to  effectively  reduce  the  radiation 
dose  incurred  in  the  scanning  process. 

•  Setup  a  framework  for  adaptive  inverse  planning  based  on  a  voxel  specific  penalty  scheme. 

•  Provided  a  robust  procedure  for  retrospective  dose  reconstruction  in  IMRT  dose  delivery,  which  can  be 
incorporated  as  part  of  the  feedback  information  for  the  following  IMRT  treatment  planning  and  delivery. 
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of  Onboard  kV/MV  Imaging  System,  Medical  Physics,  conditionally  accepted,  2007. 

16.  Wiersma  R.  and  Xing  L,  Real-time  monitoring  of  implanted  fiducials  using  onboard  kV  and  treatment  MV  beams, 
Medical  Physics,  conditionally  accepted,  2007. 

17.  Xie  Y,  Chao  M,  Lee  P,  and  Xing  L,  Auto-mapping  of  rectum  contour  for  prostate  adaptive  therapy  inverse 
planning,  International  Journal  of  Radiation  Oncology,  Biology,  Physics,  submitted,  2007. 

18.  Wang  J,  Li  T,  Liang  Z,  Xing  L,  Dose  reduction  in  kV  cone  beam  CT  for  radiation  therapy,  Medical  Physics, 
submitted,  2007. 

Book  and  Book  Chapters 

1.  Keall  P  and  Xing  L,  Image  Guided  and  Adaptive  Therapy,  The  Textbook  of  Radiation  Oncology,  Phillips  T  and 
Leibel  S  (editors),  Saunders,  2008. 

2.  Xia  P,  Almos  H,  Xing  L,  Intensity  Modulated  Radiation  Therapy,  The  Textbook  of  Radiation  Oncology,  Phillips  T 
and  Leibel  S  (editors),  Saunders,  2008. 

3.  Xing  L,  Lagen  K,  Timmerman  R,  Image  Guided  Adaptive  Radiation  Therapy,  in  Image  Guided  and  Adaptive 
Therapy,  Timmerman  R.  and  Xing  L  (editors),  Image  Guided  and  Adaptive  Radiation  Therapy,  Lippincott, 
Williams,  and  Wilkins,  Baltimore,  MD,  in  processing  (to  appear  in  2008). 
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4.  Xing  L,  Image  Guided  Intensity  Modulated  Radiation  Therapy,  in  Mathematical  Methods  in  Biomedical  Imaging 
and  IMRT,  Censor  Y,  Jiang  M,  Louis  A.K  (Editors),  Springer- Verlag,  2008. 

Conference  abstract 

1.  Chao  M,  Schreibmann  E,  Li  T,  Xing  L,  Automated  Propagation  of  Contours  Between  4DCT  Images  Using  a 
Regional  Deformable  Model,  oral  presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

2.  Xing  L,  Functional  Imaging,  invited  talk  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

3.  Callaghan  T,  Levy  D,  Xing  L,  IMRT  Inverse  Planning  with  Voxel-Based  Penalty  Scheme,  poster  presentation  in 
2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

4.  A  de  la  Zerda,  B  Armbruster,  L  Xing,  A  Closed-Loop  Control  Framework  for  Adaptive  Radiation  Therapy  (ART), 
oral  presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

5.  K  Lee,  Q  Le,  L  Xing,  Retrospective  IMRT  Dose  Reconstruction  Based  On  CBCT  and  the  MLC  Positional  Log- 
File  Recorded  During  Treatment,  oral  presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

6.  W  Mao,  L  Xing,  A  Phantom  and  Software  Analysis  Tool  for  Quality  Assurance  (QA)  of  LINAC  with  Onboard  KV 
X-Ray  Imaging  Device,  oral  presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

7.  W  Mao,  T  Li,  N  Wink,  L  Xing,  CT  Image  Registration  in  Sinogram  Space,  oral  presentation  in  2007  AAPM 
Annual  Meeting,  Minneapolis,  MN. 

8.  C  Wang,  M  Chao,  L  Xing,  Electron  Density  Mapping  for  MRI-Based  Treatment  Planning,  oral  presentation  in 
2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

9.  T  Li,  L  Papiez,  R  Timmerman,  H  Choy,  A  Koong,  L  Xing,  High-Quality  Four-Dimensional  CBCT  Reconstruction 
with  Virtual  Projections,  oral  presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

10.  R.D.  Wiersma,  L  Xing,  Temporal  Precision  of  Gated  Step-And-Shoot  Intensity  Modulated  Radiation  Therapy,  oral 
presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

11.  R.D.  Wiersma,  L  Xing,  Temporal,  Dosimetric,  and  Geometric  Precision  of  Gated  Step-And-Shoot  Intensity 
Modulated  Radiation  Therapy,  oral  presentation  in  2007  AAPM  Annual  Meeting,  Minneapolis,  MN. 

12.  Xing  L,  4D  CT  and  PET  Imaging,  invited  talk  in  2007  RSNA  Annual  Meeting,  Chicago,  IL. 

13.  J.  Wang,  M.  Chao,  L.  Xing,  Toward  Clinical  Implementation  of  Adaptive  Treatment  Planning:  Auto-Propagation 
of  Contours  from  Planning  CT  to  CBCT,  International  Journal  of  Radiation  Oncology  Biology  Physics  69,  S43. 

14.  R.D.  Wiersma  and  L.  Xing  Dosimetric  Consequences  of  Electronic  Delay  on  Gated  Radiation  Therapy, 
International  Journal  of  Radiation  Oncology  Biology  Physics  69,  Page  SI  31 -SI  32. 

15.  L.  Lee,  Q.  Le,  T.  La  and  L.  Xing,  IMRT  Dose  Reconstruction  on  CBCT:  A  Platform  for  Head-and-Neck  Adaptive 
Therapy,  International  Journal  of  Radiation  Oncology  Biology  Physics  69,  2007,  Page  S412. 

16.  Y.  Xie,  L.  Xing,  D.  Paquin,  D.  Levy,  Deformable  Image  Registration  with  Inclusion  of  Auto-Detected 
Homologous  Tissue  Features ,  International  Journal  of  Radiation  Oncology  Biology  Physics  69,  2007,  S646-S647 

17.  Xing  L,  Korreman  S,  Keall  P,  Image  Guided  Intensity  Modulated  Radiation  Therapy,  invited  talk  in  2007  annual 
Meeting  of  ESTRO,  Barcelona,  Spain,  Sept,  2007. 

18.  de  la  Zerda  A,  Armbrush  B,  Xing  L,  Adaptive  Prostate  Radiation  Therapy,  oral  presentation  in  2007  annual 
Meeting  of  ESTRO,  Barcelona,  Spain,  Sept,  2007. 

US  Patent 

None. 


V.  CONCLUSIONS 

In  the  past  funding  year,  the  PI  group  has  contributed  greatly  to  advance  prostate  radiation  therapy 
techniques.  A  few  important  milestones  have  been  achieved  toward  the  goal  of  the  project.  These  include:  (i) 
Investigated  intrafraction  prostate  motion  and  its  influence  on  prostate  radiation  therapy;  (ii)  Developed 
method  for  auto-propagation  of  contours  from  planning  CT  to  CBCT  for  on-line/off-line  inverse  planning; 
(iii)  Established  a  novel  technique  to  enhance  on-board  cone -beam  CT  and  to  effectively  reduce  the  radiation 
dose  incurred  in  the  scanning  process;  (iv)  Setup  a  framework  for  adaptive  inverse  planning  based  on  a  voxel 
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specific  penalty  scheme;  (v)  Evaluated  the  feasibility  of  using  on-board  cone -beam  CT  for  on-treatment  dose 
calculation  and  developed  a  reliable  electron  density  mapping  algorithm  for  CBCT-based  IMRT 
optimization;  and  (vi)  Provided  a  robust  procedure  for  retrospective  dose  reconstruction  in  IMRT  dose 
delivery.  Integration  and  further  refinement  of  the  above  tools  are  in  progress. 
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Abstract 

On-board  CBCT  images  are  used  to  generate  patient  geometric  models  to 
assist  patient  setup.  The  image  data  can  also,  potentially,  be  used  for  dose 
reconstruction  in  combination  with  the  fluence  maps  from  treatment  plan. 
Here  we  evaluate  the  achievable  accuracy  in  using  a  kV  CBCT  for  dose 
calculation.  Relative  electron  density  as  a  function  of  HU  was  obtained  for 
both  planning  CT  (pCT)  and  CBCT  using  a  Catphan-600  calibration  phantom. 
The  CBCT  calibration  stability  was  monitored  weekly  for  8  consecutive  weeks. 
A  clinical  treatment  planning  system  was  employed  for  pCT-  and  CBCT-based 
dose  calculations  and  subsequent  comparisons.  Phantom  and  patient  studies 
were  carried  out.  In  the  former  study,  both  Catphan-600  and  pelvic  phantoms 
were  employed  to  evaluate  the  dosimetric  performance  of  the  full-fan  and  half¬ 
fan  scanning  modes.  To  evaluate  the  dosimetric  influence  of  motion  artefacts 
commonly  seen  in  CBCT  images,  the  Catphan-600  phantom  was  scanned  with 
and  without  cyclic  motion  using  the  pCT  and  CBCT  scanners.  The  doses 
computed  based  on  the  four  sets  of  CT  images  (pCT  and  CBCT  with/ without 
motion)  were  compared  quantitatively.  The  patient  studies  included  a  lung 
case  and  three  prostate  cases.  The  lung  case  was  employed  to  further  assess 
the  adverse  effect  of  intra-scan  organ  motion.  Unlike  the  phantom  study, 
the  pCT  of  a  patient  is  generally  acquired  at  the  time  of  simulation  and  the 
anatomy  may  be  different  from  that  of  CBCT  acquired  at  the  time  of  treatment 
delivery  because  of  organ  deformation.  To  tackle  the  problem,  we  introduced 
a  set  of  modified  CBCT  images  (mCBCT)  for  each  patient,  which  possesses 
the  geometric  information  of  the  CBCT  but  the  electronic  density  distribution 
mapped  from  the  pCT  with  the  help  of  a  B  Spline  deformable  image  registration 
software.  In  the  patient  study,  the  dose  computed  with  the  mCBCT  was  used 
as  a  surrogate  of  the  ‘ground  truth’.  We  found  that  the  CBCT  electron  density 
calibration  curve  differs  moderately  from  that  of  pCT.  No  significant  fluctuation 

*  Part  of  this  work  was  presented  in  2006  Annual  Meeting  of  American  Association  of  Physicists  in  Medicine. 
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was  observed  in  the  calibration  over  the  period  of  8  weeks.  For  the  static 
phantom,  the  doses  computed  based  on  pCT  and  CBCT  agreed  to  within  1%. 
A  notable  difference  in  CBCT-  and  pCT-based  dose  distributions  was  found  for 
the  motion  phantom  due  to  the  motion  artefacts  which  appeared  in  the  CBCT 
images  (the  maximum  discrepancy  was  found  to  be  ~3.0%  in  the  high  dose 
region).  The  motion  artefacts-induced  dosimetric  inaccuracy  was  also  observed 
in  the  lung  patient  study.  For  the  prostate  cases,  the  mCBCT-  and  CBCT- 
based  dose  calculations  yielded  very  close  results  (<2%).  Coupled  with  the 
phantom  data,  it  is  concluded  that  the  CBCT  can  be  employed  directly  for  dose 
calculation  for  a  disease  site  such  as  the  prostate,  where  there  is  little  motion 
artefact.  In  the  prostate  case  study,  we  also  noted  a  large  discrepancy  between 
the  original  treatment  plan  and  the  CBCT  (or  mCBCT)-based  calculation, 
suggesting  the  importance  of  inter-fractional  organ  movement  and  the  need  for 
adaptive  therapy  to  compensate  for  the  anatomical  changes  in  the  future. 

(Some  figures  in  this  article  are  in  colour  only  in  the  electronic  version) 


1.  Introduction 

Modem  radiation  therapy  techniques,  such  as  3D  conformal  radiotherapy  (3DCRT)  and 
intensity-modulated  radiation  therapy  (IMRT),  provide  unprecedented  means  for  producing 
exquisitely  shaped  radiation  doses  that  closely  conform  to  the  tumour  dimensions  while  sparing 
sensitive  structures.  As  a  result  of  greatly  enhanced  dose  conformality,  more  accurate  beam 
targeting  becomes  an  urgent  issue  in  radiation  therapy.  In  current  practice,  uncertainties  exist 
in  tumour  target  localization  due  to  intra-  and  inter-organ  motions  during  the  course  of  radiation 
treatment.  As  thus,  large  safety  margins  around  the  tumour  targets  and  sensitive  structures  are 
introduced  to  cope  with  the  otherwise  insoluble  patient  localization  problem.  The  use  of  non- 
optimal  margins  compromises  the  patient  care  and  adversely  affects  the  treatment  outcome 
(Coolens  et  al  2006,  Hector  et  al  2000,  Hugo  et  al  2003,  Litzenberg  et  al  2006,  Ruan  et  al 
2006,  Webb  2006).  The  need  to  improve  targeting  in  high  precision  radiation  therapy  has 
recently  spurred  a  flood  of  research  activities  in  image-guided  radiation  therapy  (IGRT)  (Xing 
et  al  2006). 

CBCT-based  upon  flat-panel  technology  integrated  with  a  medical  linear  accelerator  has 
recently  become  available  from  linac  vendors  for  therapy  guidance.  The  volumetric  images 
may  be  used  to  verify  and  correct  the  planning  patient  setup  in  the  linac  coordinates  by 
comparing  with  the  patient  position  defined  in  treatment  plan.  Both  kV  and  MV  beams  have 
been  utilized  for  this  application  (Chang  et  al  2006,  Dietrich  et  al  2006,  Hawkins  et  al  2006, 
Jaffray  et  al  2002,  Langen  et  al  2005,  Sorcini  and  Tilikidis  2006,  Thilmann  et  al  2006,  Yin  et  al 
2005).  The  former  typically  consists  of  a  kV-source  and  flat-panel  combination  mounted 
on  the  drum  of  a  medical  accelerator,  with  the  kV  imaging  axis  orthogonal  to  that  of  MV 
therapy  beam.  In  addition  to  guide  the  patient  setup  process,  CBCT  data  acquired  prior  to  the 
treatment  can,  in  principle,  be  used  to  recalculate  or  verify  the  treatment  plan  based  on 
the  patient  anatomy  of  the  treatment  day.  The  recalculation  starts  with  the  intended  fluence 
maps  from  the  patient’s  treatment  plan,  whereas  the  verification  is  done  by  using  the  fluence 
maps  measured  at  the  exiting  sides  of  the  incident  beams.  If  CBCT-based  dose  calculation  is 
accurate  enough  (say,  with  an  accuracy  within  1  ~  2%),  this  will  provide  a  valuable  option 
for  us  to  predict/assess  the  patient  dose  routinely.  In  reality,  because  of  the  presence  of  organ 
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movement/deformation,  it  is  conceivable  that  the  dose  distributions  delivered  to  the  patient 
are  usually  different  from  fraction  to  fraction.  It  is  paramount  to  be  able  to  monitor  the  actual 
patient  dose  for  each  fraction  as  well  as  the  accumulated  doses  to  the  target  and  sensitive 
structures  while  the  fractional  treatment  proceeding.  This  will  not  only  give  physicians  more 
confidence  about  the  treatment  but  may,  in  future,  afford  us  an  effective  means  to  adaptively 
modify  the  patient’s  treatment  plan  during  the  course  of  a  radiation  therapy  based  on  the  dose 
that  has  already  been  delivered. 

Different  from  conventional  CT,  kV  CBCT  covers  a  much  larger  field  of  view  (FOV)  in 
the  longitudinal  direction,  and  scatter  poses  a  more  severe  problem  in  the  resultant  image.  In 
addition,  the  gantry  rotation  speed  is  limited  to  ~  1  min  by  IEC  regulation,  which  makes  the 
CBCT  more  prone  to  motion  artefacts.  The  deteriorated  image  quality  raises  serious  concerns 
about  the  dosimetric  reliability  of  CBCT-based  dose  calculation.  In  this  work  we  evaluate  the 
dosimetric  accuracy  of  kV  CBCT-based  dose  calculation. 

2.  Method  and  materials 

2.1.  Data  acquisition 

The  on-board  imager  (OBI)  integrated  in  a  Trilogy™  medical  linear  accelerator  (Varian 
Medical  Systems,  Palo  Alto,  CA)  is  used  in  this  work  to  acquire  CBCT  images.  The  kV 
OBI  system  is  capable  of  obtaining  low-dose,  high-resolution  radiography,  fluoroscopy  and 
CBCT.  The  system  is  mounted  on  the  treatment  machine  via  robotically  controlled  arms,  which 
operate  along  three  axes  of  motion.  A  150  kV  x-ray  tube  with  maximum  32  ms  pulse  length 
for  continuous  irradiation  and  maximum  320  ms  pulse  length  for  single  pulse  is  designed  for 
generating  high-resolution  images  from  a  moving  gantry.  The  spot  of  the  tube  is  located  at  90° 
to  the  MV  source  and  100  cm  from  the  radiation  axis  of  the  accelerator.  A  39.7  cm  x  29.8  cm 
amorphous  silicon  flat-panel  x-ray  image  detector  (Varian  Portal  Vision™  aSlOOO)  mounted 
opposite  the  kV  tube  is  used  to  acquire  digital  images  with  a  pixel  matrix  of  2048  x  1536. 
Using  the  OBI  system,  the  CBCT  data  can  be  acquired  in  two  modes:  a  full-fan  mode  and 
half-fan  mode.  In  the  full-fan  mode,  the  beam  central  axis  passes  through  the  detector  centre 
and  a  full  projection  of  the  scanned  patient  is  acquired  for  each  acquirement  angle.  A  total  of 
675  projections  are  taken  during  the  whole  364°  gantry  rotation  with  a  maximum  field  of  view 
(FOV)  about  25  cm  in  diameter  and  17  cm  in  length.  The  data  acquisition  time  is  about  60  s 
and  the  reconstruction  time  for  340  slices  of  512  x  512  CBCT  images  with  a  voxel  size  of  0.5 
mm3  is  also  about  1  min  on  a  PC.  The  half-fan  mode  is  designed  to  obtain  a  larger  FOV.  In  this 
mode,  the  detector  is  shifted  laterally  to  take  only  half  of  the  projection  of  the  scanned  patient 
for  each  acquirement  angle.  A  total  of  about  965  projections  are  taken  during  the  364°  gantry 
rotation  and  a  FOV  of  50  cm  in  the  axial  plane  and  15  cm  in  the  longitudinal  direction  can  be 
achieved.  The  data  acquisition  and  reconstruction  time  for  512  x  512  CBCT  images  with  a 
voxel  size  of  0.95  mm3  using  this  mode  is  about  double  compared  with  the  full-fan  mode.  The 
averaged  dose  for  a  head  and  neck  CBCT  scan  is  about  2  cGy,  and  3  cGy  for  an  abdominal 
scan. 

2.2.  Calibration  of  relative  electron  density 

To  use  CT  or  CBCT  for  radiation  dose  calculation,  it  is  required  to  relate  the  Hounsfield  unit 
(HU)  of  the  scanner  with  the  actual  electron  density.  A  CT-phantom,  Catphan-600  module 
CTP404  (Phantom  Laboratory,  NY),  was  used  for  the  calibration  of  pCT  (GE  Discovery  - 
ST  PET/CT  scanner,  Milwaukee,  WI)  and  CBCT.  The  gantry  rotation  speed  of  the  16-slice 
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Figure  1.  The  CT  and  CBCT  images  with  and  without  motion  for  the  Catphan-600:  (a)  pCT  in  the 
absence  of  phantom  motion;  (b)  CBCT  in  the  absence  of  phantom  motion;  (c)  pCT  with  moving 
phantom;  and  (d)  CBCT  with  moving  phantom. 


Discovery- ST  scanner  is  0.5  sec/rotation.  The  CTP404  has  a  diameter  of  150  mm  (the 
longitudinal  dimension  of  the  phantom  is  16  cm)  and  contains  17  different  sizes  of  inserts 
with  seven  different  tissue  substitute  materials,  air,  PMP,  LDPE,  polystyrene,  acrylic,  Delrin 
and  Teflon,  respectively.  Their  relative  electron  densities  ranged  from  0  to  1.866.  A  cross 
section  of  the  phantom  is  shown  in  figure  1.  The  calibration  of  a  CT  scanner  involves 
acquiring  CT  images,  obtaining  average  HUs  for  each  inserting  materials,  and  plotting  the 
HU  as  a  function  of  the  relative  electron  density.  For  CBCT  calibration,  the  only  difference 
from  the  conventional  CT  is  that  it  is  necessary  to  calibrate  separately  for  full-  and  half-fan 
modes  because  the  beam  geometry  and  characteristics  of  the  two  types  of  scanning  modes  are 
different. 

In  order  to  test  the  stability  of  the  CBCT  calibration  curve  with  time,  the  phantom  was 
repeatedly  scanned  every  week  for  2  months.  The  obtained  HU  versus  relative  electron  density 
curves  were  compared  to  assess  the  HU  fluctuations  with  time. 


23.  Phantom  study 

CT  and  CBCT  images  of  the  Catphan-600  phantom  were  acquired  using  the  procedure  outlined 
in  section  2.1.  The  phantom  was  placed  on  a  platform  that  can  be  set  to  one-dimensional  cyclic 
motion  with  a  number  of  speeds.  The  axis  of  the  cylindrically  shaped  phantom,  along  which 
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the  phantom  moves  cyclically,  was  angled  from  the  central  axis  of  the  CBCT  gantry  rotation 
by  about  15°  in  order  to  study  the  motion  influence  on  CT/CBCT.  The  movement  of  the 
phantom  produces  motion  artefacts  in  the  images  and  allows  us  to  evaluate  the  performance 
of  CBCT-based  dose  calculation  in  the  presence  of  organ  motion.  The  full-fan  mode  was 
used  to  scan  the  phantom.  CT  and  CBCT  images  of  the  phantom  were  acquired  with  and 
without  motion.  In  the  former  case,  the  peak-to-peak  amplitude  of  the  motion  was  0.5  cm 
in  the  left-right  direction  and  the  period  was  4  s.  In  addition,  different  sizes  of  homogeneity 
cylindrical  phantoms,  with  a  diameter  of  10.8,  16  and  26.6  cm,  respectively,  were  scanned  to 
evaluate  the  scatter  influence  on  image  quality. 

To  quantify  the  difference  in  the  image  quality  of  the  CT  and  CBCT  images,  we  first 
analysed  the  HU  distribution  for  all  the  acquired  images.  The  influence  of  phantom  motion 
and  scatter  radiation  on  the  HU  distribution  was  investigated.  The  CT  and  CBCT  images  were 
imported  to  a  Varian  Eclipse  treatment  planning  system  for  dosimetric  comparison  study.  For 
planning  and  evaluation  purposes,  a  hypothetical  spherical  target  with  a  diameter  of  5  cm 
was  created  at  the  centre  of  the  phantom  and  a  single  5x5  cm2  6  MV  photon  beam  was 
used  to  irradiate  the  target.  A  simple  beam  configuration  was  used  here  because,  in  this  way, 
the  results  are  more  intuitively  interpretable.  The  pencil  beam  convolution  dose  calculation 
algorithm  implemented  in  the  Varian  Eclipse  treatment  planning  system  was  adopted  for  dose 
calculation.  The  resultant  isodose  curves,  dose  profiles  and  DVHs  were  compared. 

A  detailed  study  using  a  CIRS  Model  002PRA  pelvic  IMRT  phantom  (CIRS  Tissue 
Simulation  &  Phantom  Technology,  Norfolk,  VA)  was  also  performed  to  validate  the  on¬ 
board  CBCT-based  dose  calculation.  The  specifications  of  the  phantom  can  be  found  from 
http://www.cirsinc.com/002pra_rad.html.  After  CT  and  CBCT  images  were  acquired,  a  five- 
field  IMRT  plan  was  generated  with  hypothetical  target  and  sensitive  structure  at  the  centre  of 
the  phantom.  The  dose  distributions  and  DVHs  obtained  using  the  two  sets  of  images  were 
then  compared. 

2.4.  Patient  study 

Three  prostate  patients  and  a  lung  patient  were  selected  for  the  evaluation  study  of  CBCT- 
based  dose  calculation.  For  the  prostate  cases,  the  targets  included  the  PTV,  consisting  of  the 
prostate  gland  with  a  margin  of  6  mm,  and  the  seminal  vesicles  (SVs).  The  critical  structures 
were  rectum,  bladder  and  femoral  heads.  IMRT  plans  using  five  15  MV  photon  beams  with 
gantry  angles  of  35°,  110°,  180°,  250°  and  325°  (in  IEC  convention)  were  adopted  for  the 
three  cases.  All  the  plans  were  normalized  to  deliver  a  prescription  dose  of  78  Gy  to  99%  the 
prostate  PTV  and  no  less  than  50  Gy  to  the  98%  of  SVs  in  39  fractions. 

The  patient  was  setup  by  using  kV  on-board  imager  (orthogonal  projection  images)  under 
the  guidance  of  implanted  fiducials.  After  the  kV  AP/LAT  images  were  acquired,  the  patient 
is  shifted  in  such  a  way  that  the  implanted  gold  seeds  match  with  that  on  the  DRRs.  After  the 
patients  were  setup  using  the  current  clinical  procedure,  CBCT  images  of  the  patients  were 
acquired.  The  CBCT  images  were  transferred  to  an  Eclipse  treatment  planning  system  (Varian 
Medical  Systems,  Palo  Alto,  CA).  For  each  case,  the  IMRT  planning  parameters  generated 
for  the  patient’s  treatment,  including  beam  configuration,  MU  settings  and  fluence  maps,  were 
employed  to  recalculate  the  dose  based  on  the  CBCT  data.  The  CT-  and  CBCT-based  treatment 
plans  were  then  compared. 

For  the  lung  cancer  case,  the  PTV  consisted  of  the  CTV  with  a  margin  of  10  mm. 
The  critical  structures  involved  were  the  right  lung  and  the  spinal  cord.  A  conventional  3D 
conformal  plan  with  three  15  MV  photon  beams  (45°,  180°  and  288°  in  IEC  convention) 
was  generated  for  this  case.  In  this  plan,  the  field  shape  of  each  beam  was  determined  by 
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conforming  the  PTV  projection  in  the  corresponding  beam  direction.  The  plan  was  normalized 
to  deliver  a  prescription  dose  of  70  Gy  to  100%  of  the  target  volume  in  35  fractions.  The 
CBCT  images  of  the  patients  were  obtained  using  the  half-fan  mode. 

2.5.  Deformable  electron  density  mapping  (DEDM) 

Unlike  the  phantom  study,  the  pCT  of  a  patient  is  generally  acquired  at  the  time  of  simulation 
and  the  anatomy  may  be  different  from  that  of  CBCT  acquired  at  the  time  of  treatment  delivery 
because  of  organ  deformation.  This  makes  it  difficult  to  assess  the  accuracy  of  CBCT-based 
dose  reconstruction.  To  tackle  the  problem,  for  each  patient,  we  introduced  a  set  of  modified 
CBCT  images  (mCBCT)  and  the  dose  computed  based  on  the  mCBCT  was  used  as  a  surrogate 
of  the  ‘ground  truth’  in  the  evaluation  of  CBCT-based  dose  calculation.  The  mCBCT  possesses 
the  geometric  information  of  the  CBCT  yet  the  electronic  density  distribution  mapped  from 
the  pCT.  The  correspondence  between  the  pCT  and  CBCT  was  accomplished  by  using  an  in- 
house  B  Spline  deformable  image  registration  software.  The  electron  density  mapping  process 
is  described  as  follows. 

A  free  form  spline  (B Spline)  deformable  model  (Li  et  al  2005,  2006a,  2006b,  Paquin  et  al 
2006,  Schreibmann  et  al  2006)  was  employed  to  register  the  pCT  and  CBCT.  Briefly,  a  lattice  of 
user-defined  nodes  is  overlaid  on  the  image.  Each  node  contains  a  deformation  vector,  whose 
components  are  determined  by  optimizing  a  metric  function  that  characterizes  the  goodness  of 
the  registration.  In  this  work,  a  voxel-based  normal  cross  correlation  (NCC)  metric  was  used 
and  the  node  deformations  were  determined  using  the  gradient-based  optimization  algorithm. 
The  deformation  at  any  point  of  the  image  is  calculated  by  spline  interpolation  of  closest  nodes’ 
values.  After  registration,  the  HU  in  each  voxel  in  pCT  was  mapped  to  the  corresponding 
point  in  the  CBCT  to  produce  the  mCBCT  images. 


3.  Results 

3.1.  Calibration  ofCT  and  CBCT 

The  relationship  between  kV  HU  distribution  of  CBCT  and  relative  electron  density  was 
established  by  using  a  Catphan-600  CT  phantom  following  the  procedure  described  in 
section  2.2.  The  calibration  curves  for  pCT,  half-fan  and  full-fan  CBCT  modes  are  shown  in 
figure  2(a).  Figure  2(b)  shows  the  calibration  data  obtained  with  an  interval  of  1  week  during  a 
period  of  2  months  for  full-fan  CBCT.  No  significant  variations  were  found  in  the  calibration, 
which  is  similar  to  what  has  been  observed  for  MV  CBCT.  The  stability  of  the  kV  CBCT  and 
electron  density  calibration  is  a  good  indicator  of  the  HU  number  integrity  and  the  overall 
performance  of  the  CBCT  system. 

3.2.  Phantom  study 

Figures  l(a)-(d)  show  the  same  transverse  slices  of  the  CT  and  CBCT  images  of  the  Catphan- 
600  phantom  with  and  without  motion.  The  first  two  panels  are  the  CT  and  CBCT  images  of 
the  phantom  in  the  absence  of  motion,  and  the  second  two  show  the  same  with  the  phantom 
motion  ‘switched  on’.  It  is  seen  that  the  quality  of  CBCT  images  is  worse  than  that  of  the 
conventional  pCT,  especially  in  the  presence  of  motion.  The  HU  profiles  of  the  four  images 
along  the  two  orthogonal  lines  (lines  A-A  and  B-B  as  marked  in  figure  1)  are  plotted  in  figure  3. 
It  is  found  that  the  HU  profiles  of  the  pCT  and  CBCT  normally  agree  to  within  10%  in  the 
static  situation.  On  the  other  hand,  when  the  motion  is  ‘switched  on’,  CBCT  shows  a  much 
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Figure  2.  (a)  The  calibration  curves  (Hounsfield  number  versus  relative  electron  density)  for  pCT, 
half-fan  and  full-fan  mode  CBCT;  (b)  the  variation  of  calibration  curves  with  time  for  the  full-fan 


CBCT. 


greater  level  of  artefacts  (figure  1(d))  and  the  HU  difference  between  the  conventional  CT  and 
CBCT  is  aggravated,  with  the  maximum  difference  reaching  several  hundred  HUs. 

Because  of  the  cone  beam  geometry,  the  influence  of  scatter  radiation  in  CBCT  is  more 
severe  as  compared  to  that  of  a  fan  beam  geometry.  In  general,  x-ray  scatter  reduces  image 
contrast,  increases  image  noise  and  may  introduce  reconstruction  error  into  CBCT.  Figure  4 
plots  the  HU  profiles  along  a  central  axis  of  three  different  sized  homogeneous  cylindrical 
water  phantoms.  As  expected,  the  fluctuation  range  of  HU  value  increases  with  the  phantom 
size,  indicating  the  increased  influence  of  scatter  radiation. 

Figures  5-7  present  the  dosimetric  results  calculated  using  a  single  6  MV  5x5  cm2 
photon  beam.  Figures  5(a)-(d)  depict  the  dose  distributions  in  a  transverse  slice  calculated 
based  on  the  four  sets  of  images  given  in  figure  1.  Figures  6(a)  and  (b)  compare  the  dose 
profiles  along  the  two  orthogonal  lines  (lines  A-A  and  B-B  in  figure  1),  and  figure  7  compares 
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Figure  3.  HU  profiles  of  pCT  and  CBCT  images  (see  figure  2)  along  the  A-A  line  (panel  (a))  and 
B-B  line  (panel  (b)). 


the  DVHs  of  the  target  for  the  four  different  situations.  From  these  results  we  see  that  the  dose 
calculated  using  pCT  agrees  with  that  of  CBCT-based  calculation  to  within  1.0%,  indicating 
that  it  is  acceptable  to  use  kV  CBCT  for  dose  calculation  if  no  organ  motion  presents.  However, 
when  phantom  motion  is  involved,  the  motion-induced  artefacts  significantly  influence  the  HU 
distribution  and  thus  the  accuracy  of  CBCT-based  dose  calculation.  For  this  simple  phantom 
case,  we  find  that  the  discrepancy  between  the  pCT-  and  CBCT-based  calculations  is  about 
3%,  which  is  clinically  significant.  Calculations  using  a  few  other  field  sizes  ranging  from  5 
to  20  cm  showed  a  similar  level  of  agreement  in  the  case  of  static  phantom  and  the  results  are 
not  presented  here  due  to  space  limitation.  The  motion  artefacts  existing  in  the  current  CBCT 
limit  the  direct  use  of  CBCT  for  dose  calculation  when  intra- scanning  organ  motion  is  not 
negligible. 

Figure  8  compares  the  IMRT  dose  calculations  computed  based  on  pCT  and  CBCT  in 
the  CIRS  pelvic  phantom.  The  DVHs  of  the  target  and  sensitive  structure  are  also  presented 
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Figure  4.  HU  profiles  for  three  different  sized  homogeneous  cylindrical  water  phantoms.  The 
diameters  for  large,  medium  and  small  phantoms  are  26.6,  16.0  and  10.8  cm,  respectively. 


in  figure  8.  Once  again,  it  is  seen  that  the  dose  calculated  using  pCT  agrees  with  that  of 
CBCT-based  calculation  to  within  1.0%,  indicating  that  it  is  acceptable  to  use  kV  CBCT  for 
dose  calculation  for  a  pelvic  sized  phantom. 


33.  Patient  study 

Figures  9(a)-(c)  show  the  same  transverse  slices  of  the  pCT,  CBCT  and  checkerboard  image 
resulting  from  the  deformable  registration  of  the  two  sets  of  images  for  one  of  the  prostate  cases. 
The  mCBCT  obtained  by  mapping  the  HUs  from  the  pCT  to  CBCT  is  shown  in  figure  9(d). 
Our  previous  studies  have  indicated  that  an  accuracy  better  than  3  mm  is  achievable  by 
using  the  B Spline  deformable  model  even  in  the  presence  of  large  deformations  (Balter 
et  al  2005,  Schreibmann  et  al  2006,  Dietrich  et  al  2006,  Kamath  et  al  2006).  As  can  be  seen 
from  the  checkerboard  overlay,  the  registration  between  CT  and  CBCT  is  excellent.  Figure  10 
shows  the  isodose  distributions  for  the  three  calculations  based  on  pCT,  CBCT  and  mCBCT  for 
the  same  case.  A  comparison  of  DVHs  of  PTV,  prostate,  SVs,  bladder  and  rectum  is  presented 
in  the  bottom  of  figure  10.  Figures  11  and  12  present  the  DVHs  of  the  targets  and  sensitive 
structures  for  the  second  and  third  cases.  While  there  is  significant  dosimetric  discrepancy 
between  the  pCT-  and  mCBCT-based  plans,  the  results  obtained  using  the  CBCT  or  mCBCT 
are  similar.  The  differences  between  the  CBCT-  and  mCBCT-based  calculations  are  generally 
less  than  2%,  suggesting  that  it  is  suitable  to  directly  use  CBCT  for  dose  recalculation. 

For  all  three  prostate  cases,  we  found  that  the  CBCT-reconstructed  prostate  dose  agrees 
with  the  planned  one  to  within  ~3%.  In  figure  10,  the  maximum  prostate  doses  in  the 
calculations  based  on  planning  CT,  CBCT  and  modified  CBCT  are  105.3%,  107.2%  and 
106.4%,  respectively.  The  maximum  doses  obtained  with  planning  CT  or  CBCT  differ  from 
that  obtained  using  modified  CT  by  only  1%.  In  the  absence  of  registration  error,  the  dose 
difference  between  the  planning  CT  and  modified  CBCT  is  due  to  daily  anatomical  change 
while  the  difference  between  the  CBCT  and  modified  CBCT  is  attributed  to  the  HU  value 
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Figure  5.  Dose  distributions  in  a  transverse  slice  calculated  based  on  the  four  sets  of  CT  data 
shown  in  figure  2:  (a)  pCT;  (b)  CBCT;  (c)  pCT  with  a  motion;  and  (d)  CBCT  with  a  motion.  In  all 
four  situations,  a  5  x  5  cm2  single  held  plan  was  used  to  irradiate  a  spherical  hypothetical  target 
with  a  diameter  of  5  cm  located  at  the  phantom  centre. 


change.  We  found  the  dosimetric  difference  in  the  PTV  is  quite  significant,  which  could 
be  greater  than  6  ~  10%.  Similar  observation  was  made  in  studies  using  daily  CT  on-rail  (Court 
et  al  2005,  Paskalev  et  al  2004).  For  the  rectum  and  bladder,  the  discrepancies  between  planned 
and  reconstructed  doses  could  be  greater  than  8%.  We  attribute  the  discrepancy  between  the 
planned  and  CBCT-reconstructed  dose  distribution  to  the  inter-fractional  organ  movements. 

Figures  13(a)  to  (d)  show  the  same  transverse  slice  from  the  planning  CT,  CBCT, 
checkerboard  overlay  of  the  planning  CT  and  the  mCBCT  for  the  lung  cancer  case.  Figure  14 
compares  the  isodose  distributions  and  the  DVHs  of  the  target  and  sensitive  structures 
calculated  based  on  the  three  sets  of  images  for  the  3D  conformal  treatment.  In  this  case,  the 
dosimetric  discrepancy  between  the  CBCT-  and  mCBCT-based  calculations  is  larger  than  that 
in  the  prostate  cases,  especially  for  the  right  lung  and  PTV.  The  maximum  dose  difference 
is  about  5%.  However,  the  discrepancy  between  the  results  obtained  using  planning  CT 
and  mCBCT  becomes  much  less.  This  study  exemplifies  that,  unlike  the  prostate  cases,  the 
dosimetric  inaccuracy  arises  from  the  inferior  image  quality  of  CBCT  in  the  dose  verification 
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Figure  6.  Comparison  of  the  dose  profiles  along  the  two  orthogonal  lines  shown  in  figure  2  for  the 
Catphan-600  phantom:  (a)  profile  along  the  A-A  line;  (a)  profile  along  the  B-B  line. 


calculation.  The  motion  artefacts  not  only  make  it  difficult  to  see  the  extent  of  the  tumour,  but 
also  limit  the  direct  use  of  CBCT  for  dose  calculation  in  clinical  practice. 

4.  Discussion 

CBCT  volumetric  imaging  integrated  with  a  medical  linear  accelerator  opens  new  avenues  for 
improving  current  radiation  oncology  practice.  CBCT  has  two  important  applications:  patient 
setup  and  dose  reconstruction/ verification.  By  imaging  the  patient  routinely  during  a  course  of 
radiation  therapy,  the  accuracy  of  the  patient  setup  can  potentially  be  improved.  Furthermore, 
the  CBCT  provides  a  pre-treatment  patient  model  upon  which  the  dose  calculation  can  be 
performed  using  intended  fluence  maps  from  the  planning  system  or  other  means.  Both 
applications  rely  on  quality  of  the  volumetric  images.  In  reality,  the  design  of  current  on¬ 
board  CBCT  is  far  from  optimal.  Its  quality  is  adversely  influenced  by  many  factors,  such  as 
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Figure  7.  Comparison  of  the  target  DVHs  calculated  based  on  the  four  sets  of  CT  data  shown  in 
figure  2  for  the  phantom  case. 


scatter,  beam  hardening  and  intra-scanning  organ  motion.  This  raises  the  question  whether 
current  CBCT  images  can  be  used  directly  for  radiation  dose  calculation.  In  this  work,  the 
feasibility  and  accuracy  of  using  a  commercial  kV  CBCT  to  calculate  dose  are  investigated 
with  a  CT  phantom  and  three  clinical  prostate  cases. 

Dose  distributions  computed  based  on  CBCT  or  mCBCT  represent  the  dose  to  be 
delivered  to  the  patient  because  the  CBCT  is  usually  acquired  prior  to  the  patient’s  treatment 
after  repositioning  under  the  standard  patient  setup  procedure.  In  general,  the  difference 
between  the  planned  and  CBCT-reconstructed  dose  distributions  arises  from  two  factors:  (i) 
patient  positioning  error  and  organ  deformation/displacement;  and  (ii)  relative  electron  density 
variation  in  CBCT  images.  The  small  discrepancy  between  the  doses  computed  using  CBCT 
and  mCBCT  (see  the  last  section)  suggests  that,  in  the  prostate  cases,  the  second  factor  is  small 
and  it  is  acceptable  to  directly  use  CBCT  for  dose  calculation.  Our  static  phantom  studies 
also  support  the  notion.  However,  the  dosimetric  error  caused  by  the  inter-scanning  organ 
motion/deformation  is  not  insignificant,  as  suggested  by  the  large  discrepancies  between  the 
original  plan  and  the  dose  distribution  reconstructed  based  on  CBCT  or  mCBCT.  For  example, 
in  the  first  case,  the  SVs  receive  ~50%  lower  dose  as  compared  to  the  planned  delivery, 
whereas  the  second  shows  ~10%  higher  dose  as  compared  to  the  planned  one.  In  the  third 
case,  a  clinically  unacceptable  SV  underdosing  is  observed.  The  significant  difference  in  SV 
DVHs  of  the  original  and  to-be-delivered  plans  is  caused  by  the  relatively  small  volume  and 
mobile  nature  of  the  SV.  For  the  rectum  and  bladder,  the  discrepancies  between  planned  and 
reconstructed  doses  are  less  yet  clinically  significant  in  all  three  cases. 

While  CBCT-based  doses  agree  with  mCBCT-based  calculation  to  within  ~2%  in  most 
situations  and  the  CBCT  images  can  be  used  directly  for  dosimetric  validation  for  a  disease  site 
such  as  the  prostate,  it  is  not  recommended  to  replace  the  conventional  planning  CT  by  CBCT 
for  the  purpose  of  radiation  treatment  planning.  In  addition  to  the  inferior  image  quality, 
which  may  affect  the  physician’s  ability  to  delineate  the  tumour  and  sensitive  structures,  the 
limited  FOV  of  CBCT  (especially  in  the  longitudinal  direction)  often  renders  the  resultant 
images  non-usable  for  treatment  planning. 
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Figure  8.  Dose  distributions  computed  based  on  CT  (top  row)  and  CBCT  (middle  row)  in  the 
CIRS  pelvic  phantom.  The  overlay  of  CT-  and  CBCT-based  doses  in  the  target  region  on  an  axial 
slice  is  shown  in  the  lower-left  panel.  The  DVHs  of  the  target  and  sensitive  structure  are  shown  in 
the  lower-right  panel.  In  the  bottom  row,  the  solid  and  dotted  curves  represent  the  results  from  CT 
and  CBCT-based  calculations,  respectively. 


A  few  groups  are  working  on  deformable  model-based  segmentation  and  patient  setup 
procedures  (Xing  et  al  2006).  When  a  deformable  model  is  used,  one  can  go  beyond  simply 
aligning  the  3D  bony  structures  to  achieve  a  registration  based  on  the  matching  of  soft-tissue 
organ(s).  There  are  multiple  ways  to  set  up  the  patient  depending  on  which  structure  to  align 
during  the  patient  positioning.  Generally,  the  degree  of  freedom  available  for  the  patient 
setup  is  much  less  than  the  dimensionality  of  the  patient  deformation.  Thus  a  deformable 
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Figure  9.  CT,  CBCT  and  mCBCT  images  for  the  first  prostate  case:  (a)  pCT;  (b)  daily  CBCT; 
(c)  checkerboard  overlay  of  CT  and  CBCT  after  the  deformation  registration;  and  (d)  mCBCT. 


registration-based  patient  setup  is  not  likely  to  be  the  ultimate  solution  to  volumetric  image- 
guided  radiation  therapy,  even  though  it  improves  the  current  bony-structure-based  patient 
alignment  by  partially  taking  into  account  organ  deformation.  A  more  attractive  solution  to 
accommodate  various  factors  mentioned  above  is  to  reoptimize  (or  tweak)  the  IMRT  plan 
based  on  the  patient’s  setup  CBCT.  In  order  to  fully  utilize  the  volumetric  imaging  data,  a 
new  paradigm  with  a  seamlessly  integrated  simulation,  planning,  verification  and  delivery 
procedure  is  needed.  Until  this  is  realized  clinically,  the  volumetric  image-based  patient 
positioning  is  simply  an  expensive  extension  of  the  existing  planar  setup  procedure. 

In  the  DEDM  technique  described  above,  a  pre- as  sumption  is  that  the  accurate  registration 
between  pCT  and  CBCT  is  achievable.  In  reality,  an  excellent  registration  is  attainable  in  the 
case  of  rigid  bodies  through  a  variety  of  means,  such  as  fiducials,  manual,  or  automated 
registration  method.  The  validity  and  advantage  of  the  approach  in  this  situation  can, 
therefore,  be  easily  envisaged.  In  the  phantom  case  presented  earlier,  it  is  perceivable 
that  the  CBCT-phantom  dose  calculation  can  be  trivially  improved  if  the  pCT  imaging  data 
(figure  5(b))  are  mapped  to  CBCT  (figure  5(a)).  The  existence  of  organ  deformation  in  more 
general  situations  necessitates  a  deformable  registration  for  electron  density  mapping.  The 
B Spline  method  used  in  this  work  was  employed  for  several  IGRT-related  projects  involving 
intra-  and  inter-modality  deformable  registrations  and  its  performance  has  been  demonstrated 
(Balter  et  al  2005,  Schreibmann  et  al  2006,  Dietrich  et  al  2006,  Kamath  et  al  2006).  The 
studies  carried  out  by  our  group  and  others  (Allen  et  al  2004,  Brock  et  al  2003,  Coselmon  et  al 
2004,  Xiong  et  al  2006)  have  suggested  that  a  spatial  accuracy  better  than  3  mm  is  readily 
achievable  using  various  deformable  image  registration  techniques.  The  accuracy  can  be 
further  improved  when  more  sophisticated  methods  are  used  (Kamath  et  al  2006).  To 
assess  the  influence  of  registration  accuracy  on  the  mCBCT-based  dose  reconstruction,  for 
the  first  prostate  case,  we  intentionally  introduced  a  number  of  ‘wrong  assignments’  of  the 
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Figure  10.  Dose  distributions  in  a  transverse  slice  calculated  based  on  the:  (a)  pCT;  (b)  CBCT; 
(c)  mCBCT  for  the  first  prostate  case.  DVHs  of  the  prostate,  PTV,  rectum  and  bladder  obtained 
based  on  the  pCT,  CBCT  and  mCBCT  images  for  the  case  are  plotted  in  (d). 


electron  density  distribution  when  mapping  the  electron  density  from  pCT  to  CBCT  (the 
spatial  inaccuracy  of  the  ‘wrong  assignments’  was  restricted  to  within  3  mm  in  the  soft-tissue 
regions  in  these  digital  experiments).  The  resultant  dosimetric  deviations  from  the  presented 
mCBCT-based  calculations  were  found  negligible  (all  within  1.5%),  which  indicate  that  (i)  the 
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Figure  10.  (Continued.) 
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Figure  11.  Comparison  of  DVHs  of  the  prostate,  PTV,  rectum  and  bladder  obtained  based  on  the 
pCT,  CBCT  and  mCBCT  images  for  the  second  prostate  case. 


final  dose  distribution  is  not  very  sensitive  to  small  regional  variations  in  the  registration; 
and  (ii)  the  mCBCT-reconstructed  dose  represents  a  good  ‘surrogate’  of  the  ‘ground  truth’. 
The  fact  that  the  CBCT-  and  mCBCT-based  dose  calculations  differ  little  also  supports  the 
above  arguments.  A  more  direct  and  perhaps  the  ultimate  validation  of  the  DEDM  could 
be  accomplished  if  the  patient  had  undergone  a  CT  on-rail  scan  (right  before  or  after  the 
CBCT  acquisition)  in  addition  to  the  pCT  and  CBCT.  Before  this  type  of  data  becomes 
available,  we  alert  the  readers  that  the  DEDM  approach  remains  heuristic  in  nature  and  one 
should  bear  its  inherent  limitation  in  mind  when  using  it  for  dose  calculation. 

In  the  presence  of  intra-scan  organ  motion,  our  phantom  study  indicated  that  significant 
dosimetric  errors  could  happen.  The  same  conclusion  can  be  drawn  from  the  lung  study. 
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Figure  12.  Comparison  of  DVHs  of  the  prostate,  PTV,  rectum  and  bladder  obtained  based  on  the 
pCT,  CBCT  and  mCBCT  images  for  the  third  prostate  case. 


Figure  13.  CT,  CBCT  and  modified  CT  images  for  the  lung  case:  (a)  planning  CT;  (b)  CBCT; 
(c)  checkerboard  image  after  the  deformation  registration;  and  (d)  modified  CBCT. 


Recent  developments  of  4D  CT  (Allen  et  al  2004,  Berbeco  et  al  2005,  de  Koste  et  al  2003, 
Vedam  et  al  2003,  Wink  et  al  2005)  and  4D  CBCT  (Dietrich  et  al  2006,  Sonke  et  al  2005,  Li 
et  al  2006a,  2006b),  in  conjunction  with  the  proposed  DEDM  method,  may  provide  a  valuable 
solution  to  the  problem  of  CBCT-based  dose  calculation  in  the  regions  of  thorax  and  upper 
abdomen.  This  is  clearly  a  subject  of  future  investigation. 

It  is  worth  mentioning  that  previous  studies  indicate  that  bulk  CT  density  correction 
can  be  quite  effective  for  heterogeneity  corrections  for  all  treatment  sites.  For  a  prostate  case 
treated  with  high  energy  x-rays,  the  homogeneous  dose  calculation  method  will  only  introduce 
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Figure  14.  Dose  distribution  in  a  transverse  slice  calculated  based  on  (a)  planning  CT;  (b)  CBCT; 
and  (c)  modified  CBCT  for  the  lung  case.  A  comparison  of  the  DVHs  of  GTV,  PTV,  right  lung 
and  spinal  cord  obtained  based  on  planning  CT,  CBCT  and  the  modified  CBCT  images  is  shown 
in  (d). 


2-4%  error  (depending  on  beam  directions  and  relative  weights).  It  may  be  acceptable  to  use 
the  homogeneous  dose  calculation  method  for  certain  cases,  as  suggested  by  a  study  by 
Chen  et  al  (2004).  A  detailed  study  along  this  line  should  be  useful  in  the  future. 
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Figure  14.  (Continued.) 


5.  Conclusion 

On-board  CBCT  provides  useful  volumetric  anatomy  information  for  patient  positioning 
verification.  When  used  for  dose  verification  calculation,  a  reliable  relationship  between  the 
HU  and  relative  electron  density  is  needed.  Our  phantom  and  prostate  patient  studies  have 
indicated  that,  in  the  absence  of  motion  artefacts,  the  dosimetric  accuracy  of  CBCT-based 
dose  calculation  is  acceptable  for  the  purpose  of  dosimetric  checks.  Our  motion  phantom  and 
lung  patient  studies  showed  that  the  dosimetric  errors  become  more  pronounced  when  intra¬ 
scanning  organ  motion  is  present.  In  this  situation,  a  direct  use  of  CBCT  for  dose  calculation  is 
not  recommended.  Before  an  effective  CBCT  image  quality  improving  technique  is  in  place, 
DEDM  may  be  a  useful  interim  solution  for  improved  dose  calculation. 
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Abstract 

While  ART  has  been  studied  for  years,  the  specific  quantitative  implementation 
details  have  not.  In  order  for  this  new  scheme  of  radiation  therapy  (RT)  to  reach 
its  potential,  an  effective  ART  treatment  planning  strategy  capable  of  taking 
into  account  the  dose  delivery  history  and  the  patient’s  on-treatment  geometric 
model  must  be  in  place.  This  paper  performs  a  theoretical  study  of  dynamic 
closed-loop  control  algorithms  for  ART  and  compares  their  utility  with  data 
from  phantom  and  clinical  cases.  We  developed  two  classes  of  algorithms: 
those  Adapting  to  Changing  Geometry  and  those  Adapting  to  Geometry  and 
Delivered  Dose.  The  former  class  takes  into  account  organ  deformations 
found  just  before  treatment.  The  latter  class  optimizes  the  dose  distribution 
accumulated  over  the  entire  course  of  treatment  by  adapting  at  each  fraction, 
not  only  to  the  information  just  before  treatment  about  organ  deformations 
but  also  to  the  dose  delivery  history.  We  showcase  two  algorithms  in  the 
class  of  those  Adapting  to  Geometry  and  Delivered  Dose.  A  comparison  of  the 
approaches  indicates  that  certain  closed-loop  ART  algorithms  may  significantly 
improve  the  current  practice.  We  anticipate  that  improvements  in  imaging, 
dose  verification  and  reporting  will  further  increase  the  importance  of  adaptive 
algorithms. 

(Some  figures  in  this  article  are  in  colour  only  in  the  electronic  version) 


1.  Introduction 

Current  IMRT  treatment  plan  optimization  and  dose  delivery  are  two  decoupled  steps  (AAPM 
IMRT  Sub-committee  2003,  Webb  2001).  In  each  fraction,  the  patient  geometry  is  hardly  the 
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same  as  in  the  pre-treatment  CT  simulation.  A  commonly  used  method  to  take  the  uncertainty 
into  account  is  to  add  a  safety  margin,  whose  size  is  based  on  population  statistics,  to  the  target 
and  sensitive  structures  (Balter  et  al  1995,  van  Herk  2006).  This  significantly  compromises 
the  success  of  radiation  therapy. 

Recently,  cone-beam  computed  tomography  (CBCT)  integrated  with  a  medical  linear 
accelerator  has  become  available  and  promises  to  improve  the  situation.  CBCT  provides  a 
valuable  3D  (or  even  possibly  4D)  geometric  model  of  the  patient  in  the  treatment  position 
and  allows  for  verification  of  the  delivered  dose  distribution  (Xing  et  al  2006).  This  not 
only  affords  an  opportunity  for  on-line  correction  of  patient  setup  error  and  inter-fraction 
rigid  motion  (Oldham  et  al  2005,  Pouliot  et  al  2005),  but  also  allows  dose  recalculation 
and  adaptive  radiation  therapy  (ART)  (Langen  et  al  2005,  Yang  et  al  2007),  which  uses  the 
volumetric  information  to  adjust  the  treatment  plan  each  fraction  to  the  updated  patient  anatomy 
and  positioning.  A  significant  promise  of  ART  is  the  optimal  compensation  of  uncertainties 
including  organ  deformation  and  inter-fraction  organ  motion  as  well  as  dosimetric  errors 
incurred  in  previous  fractions  (Trofimov  et  al  2005,  Wu  et  al  2006,  Mohan  et  al  2005,  de  la 
Zerda  et  al  2006,  Olivera  et  al  2006).  To  realize  ART  clinically  and  maximally  exploit  the 
potential  of  this  new  form  of  image  guided  radiation  therapy  (IGRT),  a  robust  inverse  planning 
strategy  for  ART  must  be  in  place. 

The  purpose  of  this  work  is  to  develop  dynamic  closed-loop  control  strategies  for  ART 
inverse  planning  and  to  demonstrate  their  utility  with  data  from  phantom  and  clinical  cases. 
Closed-loop  control  algorithms  are  a  general  tool  for  dealing  with  time-dependent  systems 
(Widrow  and  Stearns  1985,  Widrow  and  Walach  1995)  and  are  used  to  solve  a  variety  of 
problems  including  automobile  cruise  control,  supply  chain  optimization,  computer  chip 
design  and  spaceship  navigation.  The  algorithms  in  all  these  applications  share  the  same 
basic  closed-loop  control  framework  of  repeated  re-evaluation  and  re-planning.  ART  is  a 
natural  application  for  closed-loop  control  because  CBCT  provides  frequently  updated  system 
information.  To  meet  different  clinical  requirements,  we  investigate  a  few  variants  of  these 
algorithms. 

The  next  section  starts  with  a  brief  review  of  the  foundations  of  closed-loop  control. 
Section  2  continues  by  presenting  a  formalism  for  ART  planning,  the  intensity-modulated 
radiation  therapy  (IMRT)  approach,  and  our  new  ART  algorithms.  In  section  3,  we  demonstrate 
the  significance  of  our  new  approach  with  phantom  and  patient  case  studies.  Section  4  takes 
a  broader  perspective  to  discuss  this  work  and  directions  for  future  research.  We  conclude  in 
section  5. 


2.  Methods  and  materials 

This  section  starts  with  an  overview  of  closed-loop  control  and  then  later  describes  various 
closed-loop  control  algorithms  for  ART  before  summarizing  these  algorithms  in  table  2. 

2.1.  Foundations  of  closed-loop  control 

The  use  of  feedback  makes  closed-loop  control  unique  (Widrow  and  Stearns  1985,  Widrow 
and  Walach  1995,  Yan  et  al  1997).  In  open-loop  control,  figure  1(a),  some  input  is  fed  to  the 
controller  which  then  decides  on  an  action.  The  controller  then  performs  that  action  on  the 
system  (the  system  being  the  physical  or  biological  system  we  want  to  control),  effectively 
putting  the  system  into  a  new  state  (which  hopefully  is  ‘better’  in  some  sense).  We  could 
simulate  an  open-loop  control  context  by  connecting  the  output  of  the  algorithm  implemented 
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Figure  1.  (a)  Open-loop  control  (conventional  treatment  planning),  (b)  the  closed-loop  control 
framework. 


by  the  controller  to  a  simulation  of  the  system:  the  input  is  fed  to  the  algorithm  which  feeds 
an  action  to  the  system  simulator  which  outputs  the  new  state  of  the  system. 

Conventional  inverse  planning  is  a  form  of  open-loop  control.  The  input  is  a  set  of 
contoured  CT  images  or  the  geometric  model  of  the  patient.  The  controller  is  the  inverse 
planning  software,  and  it  outputs  a  treatment  plan  (the  action).  Finally,  a  simulator  of  the 
system  (modeling  the  execution  of  the  plan)  uses  the  treatment  plan  and  some  random  factors 
to  output  the  resulting  system  state. 

In  closed-loop  control,  the  controller  is  not  run  just  once  but  repeatedly,  each  time  receiving 
the  current  state  of  the  system  as  its  input  (Widrow  and  Stearns  1985,  Widrow  and  Walach 
1995,  Yan  et  al  1997).  The  item  feedback  is  used  because  the  effect  of  the  current  action  (the 
new  state  of  the  system)  is  used  by  the  controller  to  plan  the  next  action.  Suppose  we  have 
N  time  periods  (treatment  fractions),  and  we  let  fa  be  the  action  in  period  i  (treatment  plan 
for  fraction  i)  and  fi  the  resulting  system  state  at  the  end  of  period  i.  Then  a  closed-loop 
controller  is  a  function  producing  an  action  for  the  current  period  from  the  state  at  the  end 
of  the  last  period  fa  =  £;(t/r;_i). 

We  propose  to  plan  ART  using  closed-loop  control,  figure  1(b),  where  the  controller  is  the 
inverse  planning  software  and  the  state  of  the  system  after  fraction  /,  —  (i/Aeometry,  ^cumdose^  ? 

has  two  parts:  the  patient’s  geometric  model  derived  from  contoured  CBCT  images,  ^geometry5 
and  the  cumulative  dose,  i/Aumdose,  delivered  in  fractions  1  through  /.  (Clearly,  ^umdose  _  q  ) 
Unlike  the  open-loop  control  in  conventional  RT,  in  ART  the  controller  outputs  a  plan  (the 
action)  for  only  the  current  treatment  fraction.  Table  1  summarizes  the  relationship  between 
control  theory  and  treatment  planning. 

Closed-loop  control  algorithms  (which  we  propose  for  ART)  are  richer  than  static  open- 
loop  control  algorithms  (found  for  example  in  conventional  RT).  A  static  open-loop  controller 
determines  a  treatment  plan,  {fa,  . . . ,  f$N),  and  therefore  the  final  state  of  the  system  \[rN  is 
based  only  on  the  initial  state  of  the  system  x/tq,  whereas  dynamic  closed-loop  algorithms 
re-evaluate  the  state  each  time  step  and  based  on  that,  decide  their  current  action.  Because 
of  that,  the  treatment  plan,  {fa,  . . . ,  fiN),  depends  not  only  on  the  initial  state  x/tq,  but  also  on 
the  progress  made  during  treatment,  {x/tq,  . . . ,  Vov-O-  Hence  closed-loop  control  algorithms 
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Table  1.  Relationship  between  control  theory  and  treatment  planning. 
Closed-loop  control  Radiation  therapy 


Time  period  (/) 

Input  Oo) 

Action  in  period  i,  (fy) 

System  state  after  period  i,  (t/A 

Controller 

System 

Random  factors/noise  in  period  i,  ( £; ) 


Fraction 

Contoured  CT  images  (^eometry) 

Treatment  plan  for  fraction  i 
Contoured  CBCT  images  (^eometry), 
and  cumulative  delivered  dose  (i/Aumdose) 
RT  inverse  planning  software 
Patient  geometry  and  treatment  delivery 
Setup  errors,  delivery  errors,  and  organ 
deformations  in  fraction  i 


are  more  likely  to  produce  better  results  than  static  open-loop  control  algorithms  for  time- 
dependent  systems. 

Treatment  planning  is  a  critical  step  to  realizing  the  potential  of  ART  in  clinical  practice. 
Current  IMRT  inverse  planning  is  designed  for  a  conventional  fractionated  treatment  scheme 
(Bortfeld  1999,  Webb  2001,  Censor  2003,  Xing  et  al  2005,  Xiao  et  al  2000,  Yang  and 
Xing  2004b)  and  is  incapable  of  planning  an  adaptive  treatment  with  consideration  of  the 
dose  delivery  history  and  updated  patient  geometry.  However,  anticipated  improvements 
in  imaging  and  verifying  the  dose  and  anatomy  during  dose  delivery  drive  the  need  for 
sophisticated  algorithms  for  ART  planning.  The  purpose  of  this  work  is  to  establish  a  dynamic 
control  framework  for  adaptive  radiation  therapy  to  explore  the  subtleties  of  possible  planning 
algorithms.  This  planning  framework  allows  us  to  individualize  radiation  therapy  for  each 
patient  by  taking  advantage  of  newly  available  volumetric  imaging  information. 


2.2.  Formalization  of  ART  plan  optimization 


Consider  plans,  (fi, . . . ,  fix),  for  N  fractions.  Suppose  at  voxel  v,  the  importance  factor  is 
a(v)  (Xing  et  al  1999)  and  the  prescribed  dose  is  /)Prescnbed(i;)>  We  define  a  dose  delivery 
function  /)(•),  such  that  under  plan  f  and  delivery  error  e  the  cumulative  dose  after  fraction  i 
is  ^cumdose(i;)  =  ^cumd°se(l))  +  D(v;  s,  ^§®°metry^  at  voxel  v.  Without  delivery  errors  (i.e., 
without  any  setup  errors  or  deformations  of  organs),  £  =  0.  Let  B  be  the  set  of  deliverable 
(feasible)  plans.  Our  ultimate  goal  is  then  to  find  the  feasible  plan  (/3i,  . . . ,  fiN)  optimizing 

min  V] «(i;)(Z)prescribed( v)  -  ^umdose(n))2 

v 

=  min  y"a(n)  |  £>prescribed(n) - 


XDM. 


^geometry) 


(1) 


i= 1 


The  objective  function  is  the  weighted  quadratic  deviation  of  the  cumulative  delivered  dose 
from  the  prescribed  dose.  There  is  no  way  to  find  in  advance  the  optimal  solution  to  this 
problem  because  the  actual  delivery  error  in  fraction  /,  £t ,  is  unknown  when  we  must  decide  on 
the  plan  .  In  general,  ART  dose  optimization  is  a  degenerate  problem  as  there  exist  numerous 
ways  to  take  the  delivery  history  and  new  patient  geometry  into  consideration.  Finding  the 
optimal  adaptation  strategy  is  an  important  part  of  ART  treatment  planning.  While  the  simplest 
idea  is  to  optimize 


mm 

PieB,...,/3NeB 


(  OprescnbeV-)  -  D(v,  pi,  0,  lA' 


geometry  \ 


i— 1 
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we  suggest  in  the  following  sections  some  more  sophisticated  approximations  to  problem  (1). 
These  approaches  provide  valuable  ART  alternatives  and,  as  demonstrated  later,  they  often 
lead  to  improved  accumulated  dose  distributions.  For  comparison  purpose,  the  conventional 
planning  strategy  with  population-based  margin  is  also  formalized  and  described. 

2.3.  Baseline  algorithm  1:  planning  with  population-based  margins 

A  common  approach  adds  large  margins  to  structures  to  compensate  for  delivery  errors  and 
uses  the  same  plan  every  fraction,  Pi  =  •••  =  pN  (i.e.,  a  static  plan).  These  margins  lead 
to  modified  dose  prescriptions,  £)Prescnbed(.)?  and  importance  factors,  #(•)•  This  yields  the 
optimization  problem: 

0  0  .  V--,  nf  o  n  ,  geometry^2 

0i  =  •  ••  =  Pn  =  argmin^aO)  I - - - D(v,p,0,%  y)J  . 

While  this  approximation  is  simple,  it  exposes  much  healthy  tissue  to  high  dose. 

2.4.  Baseline  algorithm  2:  Adapting  to  Changing  Geometry 

Assume  that  a  CBCT  image  is  taken  prior  to  every  treatment  fraction.  Based  on  the  current 
anatomy  information,  a  new  plan  for  the  current  fraction  is  formed.  This  means  that  we 
consider  geometry  wjien  determining  p. .  in  particular  we  choose  for  fraction  i  the  feasible 
plan  that  minimizes  the  weighted  quadratic  deviation  from  the  initial  prescribed  dose:  for  all 
fractions  /, 

(rj prescribed  \  ^ 

— - — D(v,p,o.  v^r6'0')  j . 

V  ' 

In  other  words,  the  algorithm  tries  to  deliver  the  same  daily  prescribed  dose,  Dprescnbed/A,  in 
each  fraction. 

2.5.  Adapting  to  Geometry  and  Delivered  Dose 

We  can  do  better  than  in  section  2.4,  by  taking  into  account  not  only  the  up-to-date  CBCT 
imaging  information  ^g®°metry?  but  also  other  factors  such  as  the  cumulative  delivered  dose 
^cumdose.  jqere  we  present  two  algorithms  that  take  into  account  both  ^g®°metry  and 
when  choosing  a  feasible  plan  for  fraction  i  which  minimizes  the  weighted  quadratic  deviation 
from  the  adaptive  dose  goal  for  this  fraction.  In  general  this  adaptive  dose  goal  may  depend  on 
the  dose  delivery  history,  ip™™ dose,  and  predictions  of  future  geometry.  We  assume  that  there 
is  a  mechanism  that  can  calculate  ^^mdose  q^e  two  algorithms  we  investigate  differ  in  how 
they  choose  this  adaptive  dose  goal.  The  first  compensates  every  fraction  for  delivery  errors 
in  previous  fractions,  and  the  second  incorporates  predictions  of  the  future  patient  geometry. 
(For  example,  the  tumor  shrinkage  in  response  to  the  radiation  therapy  can  be  modeled  by  a 
tissue-feature  based  deformable  registration  (Chao  et  al  2007).) 

2.5.1.  Immediately  Correcting  Algorithm  (1C A).  This  algorithm,  figure  2,  takes  into  account 
the  dose  delivery  history  as  well  as  the  anatomy  model  derived  from  daily  CBCT  images.  No 
prediction  is  attempted  about  the  patient  model  in  the  subsequent  fractions.  This  algorithm 
adjusts  the  originally  prescribed  dose  to  completely  compensate  voxels  which  were  overdosed 
(or  underdosed)  in  previous  fractions  by  decreasing  (or  increasing)  the  dose  goal  at  those 
voxels.  Specifically,  it  adds  in  fraction  i  the  accumulated  error  from  the  previous  fractions, 
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Figure  2.  Block  diagram  for  ICA. 


L_I  ^prescribed  _  ^cumdose^  t0  originai  daily  prescription  dose,  £)Prescnbed / n ,  resulting  in  an 
adaptive  dose  goal  of 


D 


goal 


^prescribed 

N 


i  —  1 
N 


^prescribed  _  ^  cuir 


cumdose 


^prescribed  _  »  « 

N  Vi~l 


cumdose 


In  the  control  theory  literature,  this  is  considered  a  form  of  proportional  control.  Note  that 
the  adaptive  dose  goal  can  be  accurately  calculated  as  long  as  the  previous  delivered  doses, 
^cumdose,  are  ]^nown  While  this  is  currently  not  the  case,  the  information  is  becoming 
increasingly  available.  This  algorithm  chooses  the  feasible  plan  e  B  for  fraction  i  that 
minimizes  the  weighted  quadratic  deviation  of  the  planned  dose,  /)(•,  fr,  0,  ^^°metry^  from 
the  adaptive  dose  goal,  Dfoal: 

A  =  argmm  -  D(v,  P,  0,  ^“))2 

V 

=  argmin^aCu)  tf-£>Prescribed(v)  -  dose(v )  -  D(v,p,0,  \  .  (2) 


2.5.2.  Prudent  Correcting  Algorithm  (PC A).  Consider  a  treatment  course  of  N  fractions. 
Let  i  be  the  current  fraction  index  and  d  be  the  number  of  fractions  for  which  we  forecast 
the  patient’s  anatomy  and  position  (e.g.,  d  =  2  means  predicting  2  days  ahead  of  the  current 
fraction).  Note  that  d  may  be  a  function  of  the  current  fraction  i.  For  instance,  taking 
d(i)  =  N  —  i  means  that  we  predict  the  anatomy  and  organ  locations  for  the  rest  of  the 
treatment  course.  In  reality,  we  can  interrupt  a  pre-designed  re-planning  schedule  at  any 
fraction  and  re-plan  the  subsequent  fractions  using  a  rolling  horizon  of  d  fractions:  every 
time  we  re-plan  we  find  the  optimal  plan  for  fractions  /,...,/  +  d  (the  current  fraction  and 
the  subsequent  d  fractions)  and  then  deliver  the  first  part  of  the  plan  (i.e.,  until  we  re-plan 
again).  In  the  control  theory  literature  this  is  called  finite  horizon  control.  We  then  update  the 
system  when  the  next  set  of  information  becomes  available  (possibly  before  every  fraction). 
Optimizing  only  for  the  current  fraction  ignores  our  (albeit  imperfect)  knowledge  of  the  future 
and  therefore  misses  the  opportunity  to  compensate  the  dose  in  future  fractions.  To  determine 
the  plan  chosen  for  fraction  i  we  optimize 

min  V  a ( v)  I  —  Dprescribed (v)  -  fi™?dose(v) 

j=i+d  \  2 

-  J2  D(v ’  A  0,  ^Pr"-se™) )  (3) 
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i  ,  predicted-geometry  ,  predicted-geometry  ,  .  ,  ..  r  r-  .  • 

where  , . . . ,  y/^+d  are  the  predicted  anatomy  locations  for  fractions 

i  through  i  +  d.  The  optimizers  of  problem  (3)  are  a  sequence  of  plans,  #,  . . .  #+<*,  the  first 
of  which  is  the  plan,  /3; ,  that  we  will  implement  in  fraction  i.  Clinically,  this  scheme  is  useful 
when  dealing  with  situations  of  tumor  shrinkage  after  a  re-planning  CT/CBCT  is  done  (see 
section  4  for  more  details). 

We  consider  a  simple  prediction  model  in  which  the  anatomy  remains  unchanged  for 
the  next  d  fractions  to  illustrate  the  approach  (in  practice  one  may  use  more  sophisticated 
prediction  models).  That  is,  we  assume  ^predlcted  §eometry  _  ^geometry  ^  fractions  i  through 
i  +  d.  For  this  prediction  model,  it  can  be  shown  that  (3)  reduces  to 

A  =  argmm  £>(,)  Dfrescribed („)  -  iJ,fu™dose(v)  -  (1  +  d)D(v,  A 0, 

We  can  also  give  this  model  the  form  of  problem  (2)  by  defining 

prescribed  i  / :  r] 

_  _ _ 1  /  _ _  ^prescribed  ^cumdose 

''  “  N  d+l\N  Vi~x 

If  d  =  0,  then  this  algorithm  coincides  with  the  previous  ICA  algorithm.  In  equation  (4),  we  see 
that  this  algorithm  differs  from  the  ICA  algorithm  because  the  correction  to  the  accumulated 
error  is  divided  among  the  subsequent  d  +  1  fractions  of  therapy  to  achieve  better  uniformity 
and  robustness  of  therapy.  Alternative  schedules  for  compensating  the  accumulated  error  that 
accommodate  specific  clinical  considerations  should  be  easily  implementable. 

2.6.  Evaluation  and  case  study 

We  developed  an  in-house  inverse  planning  platform  to  evaluate  this  closed-loop  control 
framework  and  the  novel  Adapting  to  Geometry  and  Delivered  Dose  algorithms.  This  platform 
implements  various  RT  planning  strategies  by  optimizing  fluence  maps  using  the  commercial 
nonlinear  optimization  code  SNOPT  (Gill  et  al  2005).  The  platform  also  evaluates  the 
effectiveness  of  these  plans  by  simulating  the  dose  delivery  function  /)(•)• 

Using  this  platform  we  compare  the  following  algorithms:  Adapting  to  Changing 
Geometry  (our  baseline),  Immediately  Correcting  Algorithm  (ICA),  Prudent  Correcting 
Algorithm  (PCA)  and  Perfect  Foresight.  Results  of  the  population-based  margins  planning 
algorithm  are  not  shown  since  the  selection  of  margin  size  varies  with  institution  and,  in 
general,  it  performs  much  worse  than  our  baseline.  Perfect  Foresight  is  an  algorithm  that 
plans  the  entire  course  of  treatment  using  accurate  predictions  of  the  future  errors  and  motions 
during  the  course  of  treatment  (see  table  2).  Note  that  in  the  Perfect  Foresight  algorithm, 
the  entire  treatment  course  is  planned  as  a  whole  (i.e.,  the  fractions  and  their  corresponding 
anatomies  are  taken  into  account  all  in  one  optimization  problem).  In  contrast  to  PCA  with 
d  =  N,  the  Perfect  Foresight  algorithm  ‘knows’  exactly  what  the  anatomy  will  be  in  each 
fraction.  When  the  prediction  model  is  perfect,  then  PCA  with  d  =  N  is  the  same  as  the 
Perfect  Foresight.  It  is  worth  stressing  the  purpose  of  the  Perfect  Foresight  algorithm:  it  is 
not  an  algorithm  in  the  usual  sense  (because  we  assume  that  it  knows  the  future)  but  only 
a  bound  on  normal  algorithms.  It  is  also  worth  noting  that  not  even  Perfect  Foresight  can 
achieve  complete  conformity.  We  include  Perfect  Foresight  in  our  comparisons  to  have  a 
more  realistic  standard  against  which  to  compare  our  algorithms.  Further,  as  our  ability 
of  predicting  the  future  becomes  better,  the  performance  of  our  algorithms  (and  most  other 
reasonable  algorithms)  should  approach  that  of  Perfect  Foresight.  Thus,  even  though  the 
performance  of  this  algorithm  may  not  actually  be  attainable,  it  sets  a  valuable  theoretical 
upper  bound  on  the  performance  of  any  ART  planning  algorithm.  It  is  critically  important  for 
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Figure  3.  Phantom  anatomy. 


Table  2.  Summary  of  various  ART  optimization  schemes. 


Algorithm 


Objective  functions  for  different  schemes  of  dose  optimization 


Perfect  Foresight 


Baseline  1:  population- 
based  margins 


Baseline  2:  Adapting  to 
Changing  Geometry 


^  (°prescribed('')  -  £f=l  D  («,  Pi,  et,  ir"))2 

Minimize  the  difference  between  the  prescription  and  the  delivered  dose 
accumulated  over  all  treatment  fractions  with  knowledge  of  the  dose  delivery  errors  £;. 

P\  =  ■  ■  ■  =  Pn  =  arg min  £„  a{v)  (  Ppres™bed(’')  _  D  ^  ^  o,  f^°meay^ 

Add  margins  to  the  prescription  and  then  minimize  the  difference  between 
the  prescription  and  the  daily  planned  dose. 

ft  =  arg  min  £„  « („)  _  D  („,  ft  0,  irf^))2 

Update  the  patient’s  geometric  model  every  fraction  using  CBCT  and  plan 
a  dose  for  that  geometry  that  minimizes  the  difference  to  the  daily  prescription. 


Immediately  Correcting 
Algorithm  (ICA) 


Prudent  Correcting 
Algorithm  (PCA) 


Adapting  to  Geometry  and  Delivered  Dose 
ft  =  argmin^aW  ^DPrescribed(n)  -  f f“”dose (n)  -  D  (n,  ft  0, 

Update  the  patient’s  geometric  model  every  fraction  using  CBCT  and  plan 
a  dose  for  that  geometry  that  minimizes  the  difference  to  the  prescribed 
dose  plus  the  accumulated  error. 

ft  =  aigmin £„<*(«)  ^OPrescribed(n)  _  ^cumdose(l))  _  (1+d)D  (^ftO,  i 

Update  the  patient’s  geometric  model  every  fraction  using  CBCT  and  using 
that  geometry  plan  a  dose  for  remaining  (d  +  1)  fractions  that  minimizes  the 
difference  to  the  prescribed  dose  plus  the  accumulated  error. 


the  algorithmic  development  of  ART  planning  and  provides  an  important  measure  helping  the 
algorithm  designer  judge  the  potential  for  further  improvement. 

We  compared  the  algorithms  on  a  cubic  phantom  case  and  a  prostate  patient  case.  Phantom 
study  is  valuable  for  algorithm  development,  simply  because  the  results  are  more  intuitively 
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Table  3.  Cumulative  dose  delivered  to  phantom  for  various  algorithms  relative  to  the  baseline 
algorithm,  Adapting  to  Changing  Geometry. 


Algorithm 

Tumor 

Sensitive  structure 

Normal  tissue 

Avg  dose 
(%) 

Std  dev 

(%) 

Avg  dose 
(%) 

Std  dev 

(%) 

Avg  dose 
(%) 

Std  dev 

(%) 

ICA 

+9 

+48 

-48 

-12 

+18 

+47 

PCA 

+8 

-13 

-18 

-9 

+7 

+14 

Perfect  foresight 

+9 

-30 

-89 

-65 

-8 

+13 

predictable/understandable  and  the  ‘ground  truth’  is  readily  attainable.  A  number  of  new 
tools/steps  are  involved  in  ART  planning,  such  as  deformable  registration  (Court  and  Dong 
2003),  CBCT-based  dose  calculation  (Yang  et  al  2007)  and  dose  optimization,  each  of  them 
needs  to  be  evaluated  independently  before  they  can  be  assembled  together.  Given  the 
developmental  status  of  these  ‘enabling’  tools  for  ART,  it  seems  logical  to  illustrate  the 
methodology  using  some  intuitive  examples.  The  phantom,  figure  3,  is  20  cm  in  size  and  at 
its  center  has  a  C-shaped  target  enclosing  a  round  sensitive  structure.  In  the  prostate  case,  the 
target  volume  was  the  prostate  and  the  sensitive  structures  involved  were  rectum,  femoral  heads 
and  bladder.  In  both  cases,  we  asked  the  algorithms  to  generate  an  IMRT  plan  with  15  fractions 
and  using  five  equally  spaced  beam  directions.  The  tumor,  sensitive  structures  and  normal 
tissue  were  assigned  importance  factors  of  a  =  10,  a  =  3  and  a  =  0.7  respectively.  The  PCA 
parameter,  d ,  was  always  set  to  the  number  of  fractions  left  in  the  treatment  d  =  N  —  i.  We 
simulated  setup  errors  by  introducing,  independently  for  every  fraction,  a  random  translation 
chosen  uniformly  at  random  from  [—1,  1]  cm  and  a  random  rotation  chosen  uniformly  at 
random  from  [—2°,  2°].  Other  types  of  motion  were  not  simulated  in  this  study  as  a  change  in 
the  motion  model  does  not  change  the  nature  of  the  closed-loop  control.  Since  the  intentionally 
introduced  motion  has  no  systematic  component,  the  prediction  model  for  PCA  assumes  that 
the  anatomy  remains  unchanged  for  the  remainder  of  the  treatment  course  (as  described  in 
section  2.5.2).  In  section  3,  we  compare  the  results  visually  in  terms  of  the  cumulative  DVH  and 
numerically  for  each  organ  in  terms  of  the  average  dose  and  standard  deviation  of  the  dose. 

3.  Results 

3.1.  Phantom  study 

The  results  are  shown  graphically  in  figure  4  and  statistically  in  table  3.  Each  row  of  table  3 
compares  an  algorithm  to  our  baseline,  Adapting  to  Changing  Geometry. 

Figure  4(a)  shows  three  benefits  the  Adapting  to  Geometry  and  Delivered  Dose  algorithms 
(and  of  course  the  Perfect  Foresight  algorithm)  have  over  baseline  2,  Adapting  to  Changing 
Geometry.  For  the  first  benefit,  note  how  the  25%  contour  in  our  baseline  is  shifted  slightly 
down  from  the  sensitive  structure.  All  the  other  algorithms  do  not  show  this  shift.  This 
shift  is  most  likely  due  to  some  setup  error  (that  is  not  corrected  for  in  our  baseline). 
The  second  benefit  (also  seen  in  the  DVHs  and  table  3)  is  dose  escalation  to  the  tumor 
while  keeping  the  sensitive  structure  close  to  25%  (unlike  the  baseline,  these  algorithms 
achieve  tumor  doses  close  to  100%).  The  third  benefit  is  steeper  gradients  around  the  tumor 
(because  dose  correcting  algorithms  will  not  let  errors  accumulate). 

Aside  from  these  benefits,  the  dose  distributions  in  figure  4(a)  also  show  how  much  worse 
ICA  is  than  PCA.  As  discussed  above,  ICA  is  able  to  escalate  dose  to  the  tumor  while  keeping 
the  dose  to  the  sensitive  structure  low,  but  along  the  way  it  overdoses  normal  tissue  and 
decreases  dose  uniformity  (see  table  3).  ICA  may  have  fractions  with  higher  doses  than  PCA 
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Adapting  to  Changing  Geometry  (Baseline  2)  Immediately  Correcting  Algorithm  (ICA) 


(a) 


Figure  4.  (a)  Cumulative  dose  delivered  to  phantom  as  per  cent  of  prescription,  (b)  DVHs  of 
cumulative  dose  delivered  to  phantom  as  per  cent  of  prescription. 


since  it  tries  to  completely  correct  for  dose  delivery  errors  in  the  next  fraction.  We  believe  this 
makes  ICA  less  robust  than  PCA  because  when  combined  with  organ  deformation  or  setup 
error  these  higher  doses  lead  to  bigger  errors.  The  differing  performance  of  the  two  Adapting 
to  Geometry  and  Delivered  Dose  algorithms  shows  that  the  algorithmic  details  matter. 
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Adapting  to  Changing  Geometry  (Baseline  2) 


Immediately  Correcting  Algorithm  (ICA) 
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Figure  5.  (a)  Cumulative  dose  delivered  in  prostate  study  as  per  cent  of  prescription,  (b)  DVHs  of 
cumulative  dose  delivered  in  prostate  study  as  per  cent  of  prescription. 


Looking  at  the  DVH  in  figure  4(b),  we  see  that  the  Perfect  Foresight  algorithm  achieves 
significantly  better  results  than  the  adaptive  algorithms  (e.g.,  PCA).  Perfect  Foresight  is 
superior  not  only  in  terms  of  tumor  target  coverage,  but  also  in  the  sparing  of  sensitive 
structures.  This  is  explained  by  the  obvious  fact  that  the  Perfect  Foresight  algorithm  has  the 
fundamental  advantage  of  accurately  ‘knowing’  the  future.  The  Perfect  Foresight  algorithm 
gives  an  upper  limit  on  the  potential  of  any  closed-loop  control  algorithm.  As  treatment 
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Table  4.  Cumulative  dose  delivered  in  a  prostate  study  for  various  algorithms  relative  to  the 
baseline  algorithm,  Adapting  to  Changing  Geometry. 

Tumor  Femurs  Rectum  Normal  tissue 


Algorithm 

Avg  dose 
(%) 

Std  dev 

(%) 

Avg  dose 
(%) 

Std  dev 

(%) 

Avg  dose 
(%) 

Std  dev 

(%) 

Avg  dose 
(%) 

Std  dev 

(%) 

ICA 

+6 

+14 

+196 

+165 

+21 

+73 

+24 

+28 

PCA 

+5 

-44 

+40 

+45 

-5 

+18 

+13 

+11 

Perfect  Foresight 

+5 

-49 

-8 

+12 

-54 

-40 

-7 

+2 

imaging,  planning  and  delivery  techniques  become  more  sophisticated,  the  performance  of 
treatment  will  become  closer  and  closer  to  the  Perfect  Foresight  algorithm. 

3.2.  Prostate  study 

The  resulting  dose  distributions  and  their  DVHs  are  in  figures  5(a)  and  (b).  Each  row  of 
table  4  compares  an  algorithm  to  our  baseline,  Adapting  to  Changing  Geometry. 

As  in  the  phantom  case,  the  dose  distributions  (80%  and  95%  contour  lines  of  figure  5(a)) 
show  that  PCA  improves  upon  the  baseline  by  being  able  to  achieve  dose  escalation  and 
increased  uniformity  to  the  tumor  while  keeping  the  dose  to  the  rectum  (the  sensitive  structure) 
low.  Interestingly,  ICA  performs  even  worse  than  in  the  phantom  case  (it  delivers  more  dose 
to  the  femurs  and  normal  tissue).  At  the  same  time,  even  more  than  in  the  phantom  case, 
the  Perfect  Foresight  DVH  shows  how  much  the  Adapting  to  Geometry  and  Delivered  Dose 
algorithms  can  still  improve.  In  particular,  the  dose  could  be  lower  to  the  femurs  and  to  a 
lesser  extent  to  normal  tissue  and  the  rectum.  We  believe  that  the  difference  between  ICA 
and  PCA  arises  from  the  fact  that  ICA  achieves  the  adaptive  goal  by  sequentially  optimizing 
each  fraction,  whereas  the  PCA  collectively  optimizes  a  number  of  fractions  with  the  goal 
of  producing  the  best  possible  cumulative  dose.  ICA  may  not  be  optimal  in  producing 
the  best  possible  cumulative  dose  because,  when  optimizing  the  treatment  of  a  fraction,  no 
knowledge  about  the  subsequent  fractions  is  taken  into  account.  Thus  it  is  not  surprising  that 
the  performance  of  the  PCA  generally  surpasses  that  of  the  ICA.  Effectively,  PCA  benefits 
from  the  partial  cancellation  of  random  delivery  errors  caused  by  fractionation  (Bortfeld  et  al 
2002,  Chui  et  al  2003). 

4.  Discussion 

In  current  clinical  practice,  patient  setup  relies  primarily  on  information  from  simulation 
and  treatment  planning  (Balter  2003).  During  the  whole  course  of  treatment,  usually  the 
same  treatment  plan  and  setup  DRRs  (digitally  reconstructed  radiographs)  are  employed. 
Clinically,  effort  is  focused  on  reproducing,  with  the  aid  of  orthogonal  planar  images,  the 
patient’s  geometry  at  the  simulation  stage  using  translations  (and  occasionally  rotations). 
While  this  approach  is  justifiable  for  treatment  of  certain  types  of  diseases  such  as  brain 
tumors,  it  generally  compromises  the  treatment  because  inter- fraction  variations  in  volumes 
and  shapes  of  the  target  and  sensitive  structures  are  not  taken  into  account.  Generally,  these 
inter-fraction  changes  are  multi-dimensional  because  organs  can  move  relative  to  each  other, 
and  in  an  extreme  situation,  each  voxel  within  a  soft  organ  can  move  relative  to  other  voxels 
in  a  complicated  manner.  Deformable  image  registration  (Court  and  Dong  2003,  Court  et  al 
2005)  helps  by  making  these  inter-fraction  changes  visible.  But  even  then,  compromised 
treatment  is  inevitable  because  the  few  degrees  of  freedom  in  patient  setup  (translation  and 
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rotation)  cannot  completely  correct  for  the  multi-dimensional  changes  in  the  patient  geometry: 
patient  setup  cannot  simultaneously  align  all  the  involved  structures. 

ART  solves  the  problems  described  in  the  previous  paragraph  by  adjusting  every  fraction, 
not  only  the  setup  but  also  the  treatment  plan.  We  treat  ART  as  a  closed-loop  control  system 
where  every  fraction  we  re-optimize  the  radiation  beams  based  on  the  latest  information  (e.g., 
coming  from  CBCT).  The  hope  is  that  the  many  degrees  of  freedom  available  in  selecting  a  plan 
allow  us  to  compensate  for  the  multi-dimensional  changes  in  the  patient  geometry.  In  ART 
the  plan  is  updated  routinely,  and  the  fraction- to -fraction  variations  of  anatomy /physiology 
and  dose  delivery  lead  to  modifications  of  the  voxel-specific  dose  prescription. 

ART  can  be  implemented  at  different  levels  where  the  beams  can  be  made  to 
accommodate  (i)  the  new  patient  setup  and  the  deformed  target  shape;  (ii)  positional/ 
anatomic/physiological  changes  of  all  involved  organs;  or  (iii)  deformable  changes  of  organs 
and  accumulated  dose  delivery  errors.  In  conventional  3D  conformal  radiation  therapy,  it  is  not 
uncommon  for  a  physician  to  modify  a  beam  portal  under  the  guidance  of  portal  films  while 
the  patient  is  on  the  treatment  coach.  In  a  sense,  this  is  an  example  of  the  first  kind  of  ART 
listed  above.  However  to  adapt  well  to  multi-dimensional  organ  deformations,  the  number 
of  variables  in  the  beam  should  be  large.  Thus  the  modality  of  choice  for  the  treatments  of 
type  (ii)  or  (iii)  is  IMRT  or  alike.  The  information  available  in  a  particular  treatment  setup 
(e.g.,  whether  information  is  captured  about  the  delivered  dose)  restricts  the  types  of  ART 
possible  in  that  setup.  Our  results  show  that  correcting  for  dose  delivery  errors  (i.e.,  type  (iii) 
ART)  incurred  in  previous  treatment  fractions  is  important.  In  conventional  radiation  therapy 
(and  types  (i)  and  (ii)  ART)  dose  errors  accumulate  because  they  lack  such  a  compensating 
mechanism.  As  technology  improves,  more  sophisticated  versions  of  ART  with  increased 
feedback  can  be  implemented  and  our  closed-loop  control  algorithms  gain  in  relevance. 

ART  is  a  new  strategy  and  its  implementation  entails  the  development  of  a  number  of 
‘enabling’  tools,  such  as  deformable  image  registration,  automated  contour  mapping  from 
planning  CT  to  the  CBCT  just  before  treatment,  and  effective  dose  optimization  algorithms. 
This  paper  tackles  the  dose  optimization  problem  in  ART  by  developing  suitable  dynamic 
control  algorithms.  These  algorithms  try  to  rapidly  optimize  the  treatment  plan  each  time  a 
new  set  of  input  data  is  available.  We  propose  two  types  of  closed-loop  control  algorithms 
( Adapting  to  Changing  Geometry  and  Adapting  to  Geometry  and  Delivered  Dose ,  see  table  2 
for  details)  for  different  clinical  applications.  Adapting  to  Changing  Geometry  is  useful  when 
the  accumulated  dose  is  not  known  accurately.  At  this  point,  the  deformable  registration,  which 
is  essential  for  the  calculation  of  accumulative  dose,  is  still  not  robust  enough  for  clinical 
use.  Adapting  to  Changing  Geometry  is  particularly  helpful  in  this  situation  as  it  affords  a 
currently  implementable  technique  to  cope  with  the  nuisance  caused  by  organ  deformation. 
The  ‘manual’  approach  described  by  Mohan  et  al  (2005)  represents  a  special  example  of 
geometric  adaptation.  The  algorithms  Adapting  to  Geometry  and  Delivered  Dose  are  designed 
to  optimize  the  radiation  treatment  when  both  geometric  and  dosimetric  updates  are  available 
from  time  to  time.  The  two  algorithms  Adapting  to  Geometry  and  Delivered  Dose  (ICA  and 
PCA)  differ  in  how  they  use  the  update  data  to  direct  the  treatment.  First,  ICA  is  proposed 
for  the  situation  where  the  dose  compensation  needs  to  be  performed  right  after  each  update 
of  the  system  parameters.  Clinically,  ICA  may  be  useful  in  dealing  with  unpredictable  daily 
changes  resulting  from  random  and  fraction- specific  organ  deformation  such  as  rectum  or 
bladder  filling.  Disease  sites  that  are  likely  to  benefit  from  the  treatment  include,  but  are 
not  limited  to,  prostate,  rectum  and  cervical  cancers.  In  PCA,  the  task  of  dose  compensation 
is  accomplished  by  spreading  the  previous  dosimetric  errors  over  a  number  of  subsequent 
fractions.  For  practical  or  clinical  reason,  the  volumetric  images  just  before  treatment  may  not 
be  available  on  a  daily  basis.  In  this  case,  PCA  becomes  a  viable  option  for  certain  types  of 
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diseases  since  it  distributes  the  task  of  compensating  a  dosimetric  error  among  a  number  of 
fractions  instead  of  all-in-one.  Indeed,  there  are  clinical  situations  where  the  variation  of  the 
anatomy  may  not  be  notable  from  day  to  day  but  over  a  larger  time  span.  Tumor  shrinkage  and 
weight  loss  in  some  head  and  neck  cases  represents  a  model  example,  where  the  CBCT  and 
re-planning  do  not  need  to  be  performed  on  daily  basis.  Re-planning  using  PC  A  would  allow 
us  in  this  case  to  maximally  benefit  from  state-of-the-art  imaging  information.  In  a  way,  PCA 
is  similar  to  the  off-line  ‘dumped’  correction  scheme  proposed  by  Mackie  et  al  (2003),  Keller 
et  al  (2003),  in  which  the  correction  is  done  at  a  certain  point(s)  of  the  treatment  course  and 
then  applied  to  several  subsequent  fractions. 

There  is  a  point  worth  emphasizing  here  about  the  PCA  algorithm.  Even  though  the 
re-evaluation/re-planning  are  performed  for  a  series  of  fractions,  the  specific  plan  used  in 
PCA  may  vary  from  fraction  to  fraction  as  a  result  of  PCA  optimization.  This  may  happen 
even  if  the  anatomy /geometry  does  not  change  throughout  the  d  fractions  or  the  whole  course 
of  the  treatment.  In  general,  the  deviation  from  the  prescription  consists  of  two  factors:  (i)  the 
inherent  difference  between  the  prescription  and  the  physically  achievable  dose  distribution  and 
(ii)  the  dose  delivery  error  due  to  changes  in  the  patient’s  anatomy  and/or  actual  dose  delivery. 
Indeed,  voxels  within  a  target  or  a  sensitive  structure  volume  are  generally  not  equivalent  in 
achieving  their  dosimetric  goals  in  IMRT  planning  (unless  non- attenuating  beams  are  used). 
Depending  on  the  patient’s  geometry,  beam  modality  and  field  configuration,  some  regions 
may  have  a  better  chance  to  meet  the  prescription  than  others,  and  vice  versa.  Thus  even 
when  there  is  no  geometric  change  at  each  fraction  and  the  delivery  can  faithfully  reproduce 
what  is  planned  without  any  error,  the  dose  goal  will  likely  need  to  be  modified  to  compensate 
for  the  inherent  difference  between  the  planned  and  prescribed  doses  in  previous  fraction(s). 
Dosimetrically,  it  is  advantageous  to  optimally  vary  the  plan  for  each  fraction  to  accomplish 
the  best  possible  cumulative  dose  distribution.  A  virtue  of  the  PCA  algorithm  is  that  it  is 
capable  of  incorporating  our  prediction  about  the  patient’s  anatomy.  A  simple  prediction 
would  be  that  the  anatomy  does  not  change  in  the  following  d  fractions.  A  more  sophisticated 
prediction  would  be,  for  example,  a  model  predicting  the  tumor  shrinkage  for  each  of  the 
following  fractions  (Chao  et  al  2007).  In  the  special  case  where  there  is  no  geometric  change 
in  the  whole  course  and  no  delivery  error,  the  difference  between  ICA  and  PCA  becomes 
how  to  better  utilize  the  following  fractional  deliveries  to  make  up  the  inherent  dosimetric 
difference  of  previous  fractions. 

Although  showing  significant  improvement,  we  note  that  the  algorithms  described  in 
this  paper  are  still  far  from  the  maximum  theoretical  performance  limit.  We  encourage 
the  development  of  more  sophisticated  closed-loop  control  algorithms  that  come  closer  to 
this  limit.  Better  predictive  schemes  for  future  patient  geometry  should  improve  the  PCA 
algorithm  greatly.  Our  use  of  a  weighted  quadratic  objective  function  for  plan  optimization 
(specifically  the  selection  of  beamlet  weights)  is  probably  suboptimal  (Yang  and  Xing  2004a, 
2004b,  Wu  et  al  2002,  Thieke  et  al  2003,  Bedford  and  Webb  2006,  Popple  et  al  2005,  Oelfke 
and  Bortfeld  1999,  Choi  and  Deasy  2002).  However,  all  the  algorithms  discussed  in  this 
paper  would  work  with  other  objective  functions.  One  could  probably  construct  an  optimal 
algorithm  using  the  theory  of  optimal  stochastic  control.  One  hurdle  to  applying  this  theory 
is  the  fact  that  after  delivering  the  treatment  plan  for  some  fraction,  we  must  specify  the 
probability  of  every  possible  system  state.  We  are  researching  these  ideas. 

Finally,  we  emphasize  that  the  proposed  ART  is  purely  dose  based  and  does  not  consider 
any  radiobiological  effects.  In  principle  treatment  plan  optimization  should  be  based  on 
biological  models  as  they  are  clinically  the  most  relevant.  In  practice,  however,  there  is  much 
controversy  to  this  approach:  the  dose-response  function  linking  the  biological  effect  to  the 
radiation  dose  is  not  sufficiently  understood  for  various  structures.  Yang  and  Xing  (2005) 
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have  recently  proposed  a  general  time-dose-fractionation  optimization  strategy.  This  idea 
combined  with  our  ART  framework  could  potentially  handle  biologically  adaptive  radiation 
therapy.  This  is  clearly  a  subject  for  future  research. 


5.  Conclusion 

The  level  of  sophistication  of  adaptive  therapy  depends  on  the  technology  used  to  provide 
feedback  data.  In  the  last  decade,  the  electronic  portal  imaging  device  (EPID)  and  the 
standalone  CT  scanner  were  the  only  technologies  available  for  acquiring  feedback  information 
and  the  focus  was  on  adaptively  defining  the  margin  for  delineating  the  planning  tumor  target 
(PTV)  (Yan  et  al  1997).  In  the  era  of  onboard  volumetric  imaging,  the  meaning  of  ART 
is  obviously  different  from  previous  studies.  The  feedback  from  onboard  CBCT  makes  it 
possible  for  the  first  time  to  adaptively  modify  not  only  the  margin  but  also  the  spatial  dose 
distribution  to  best  accommodate  the  geometric  changes  of  the  patient  as  well  as  the  dosimetric 
deviations  from  the  ideal  prescription.  The  technical  tools  for  implementing  this  new  type 
of  geometry-  and  dosimetry -based  ART  are  still  not  available  yet,  and  an  effective  treatment 
planning  strategy  capable  of  taking  into  account  the  dose  delivery  history  and  the  patient’s 
on-treatment  geometric  model  must  be  in  place  in  order  for  this  new  scheme  of  ART  to  reach 
its  potential.  We  have  formulated  ART  treatment  planning  into  the  framework  of  closed- 
loop  control  and  developed  three  closed-loop  ART  algorithms:  one  Adapting  to  Changing 
Geometry  and  two  Adapting  to  Geometry  and  Delivered  Dose  (ICA  and  PC  A).  The  new 
formalism  is  useful  in  answering  questions  such  as  ‘how  to  effectively  utilize  information 
about  the  current  state  and  past  delivery  errors?’,  ‘can  we  benefit  from  including  the  patient’s 
future  treatment(s)  into  today’s  adaptation  strategy?’,  and  ‘what  is  the  best  achievable  scenario 
of  ART  in  an  ideal  situation?’  All  three  algorithms  are  capable  of  incorporating  volumetric 
imaging  information  acquired  just  before  treatment  and  the  latter  two  can  also  incorporate 
information  on  the  accumulated  dose.  Application  of  the  proposed  algorithms  to  the  phantom 
and  clinical  cases  indicates  that  the  algorithms  utilizing  the  accumulated  dose  data  (ICA  and 
PCA)  allow  an  escalation  of  the  dose  to  the  tumor  target.  For  a  patient  positioning  procedure 
with  random  setup  errors,  we  found  that  the  PCA  performed  best  and  significantly  better 
than  ICA  even  though  the  implemented  algorithms  differ  only  slightly.  The  over-correcting 
tendency  of  the  ICA  is  not  a  desirable  feature  and  should  be  avoided  in  the  design  of  a  practical 
ART  planning  algorithm.  Generally,  the  performance  of  a  closed-loop  algorithm  may  depend 
on  the  motion  model  and  other  case-related  issues.  An  important  point  here  is  that  the  details 
of  closed-loop  adaptation  play  a  critical  role  in  the  success  of  ART.  Clearly,  much  research 
remains  to  be  done  in  developing  more  sophisticated  closed-loop  algorithms  and  searching  for 
the  best  possible  ART  strategy  to  maximally  utilize  the  geometric  and  dosimetric  information 
that  become  or  will  soon  become  available.  Given  the  complex  interaction  among  errors, 
motion  and  the  doses  delivered  to  the  patient,  a  sophisticated  disease-site  specific  adaptation 
scheme  may  be  useful. 
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The  purpose  of  this  work  is  to  develop  a  novel  strategy  to  automatically  map  organ  contours  from 
one  phase  of  respiration  to  all  other  phases  on  a  four-dimensional  computed  tomography  (4D  CT). 

A  region  of  interest  (ROI)  was  manually  delineated  by  a  physician  on  one  phase  specific  image  set 
of  a  4D  CT.  A  number  of  cubic  control  volumes  of  the  size  of  ~  1  cm  were  automatically  placed 
along  the  contours.  The  control  volumes  were  then  collectively  mapped  to  the  next  phase  using  a 
rigid  transformation.  To  accommodate  organ  deformation,  a  model-based  adaptation  of  the  control 
volume  positions  was  followed  after  the  rigid  mapping  procedure.  This  further  adjustment  of 
control  volume  positions  was  performed  by  minimizing  an  energy  function  which  balances  the 
tendency  for  the  control  volumes  to  move  to  their  correspondences  with  the  desire  to  maintain 
similar  image  features  and  shape  integrity  of  the  contour.  The  mapped  ROI  surface  was  then 
constructed  based  on  the  central  positions  of  the  control  volumes  using  a  triangulated  surface 
construction  technique.  The  proposed  technique  was  assessed  using  a  digital  phantom  and  4D  CT 
images  of  three  lung  patients.  Our  digital  phantom  study  data  indicated  that  a  spatial  accuracy  better 
than  2.5  mm  is  achievable  using  the  proposed  technique.  The  patient  study  showed  a  similar  level 
of  accuracy.  In  addition,  the  computational  speed  of  our  algorithm  was  significantly  improved  as 
compared  with  a  conventional  deformable  registration-based  contour  mapping  technique.  The  ro¬ 
bustness  and  accuracy  of  this  approach  make  it  a  valuable  tool  for  the  efficient  use  of  the  available 
spatial-tempo  information  for  4D  simulation  and  treatment.  ©  2007  American  Association  of 
Physicists  in  Medicine.  [DOI:  10.1118/1.2780105] 

Key  words:  CT,  image  registration,  contour  mapping,  IGRT 


I.  INTRODUCTION 

A  longstanding  question  in  radiation  therapy  is  how  to  accu¬ 
rately  and  efficiently  segment  a  region  of  interest  (ROI)  such 
as  a  tumor  target  volume  or  a  critical  structure.1-6  In  spite  of 
intense  research  efforts  in  the  past  few  decades,  ROI  seg¬ 
mentation  remains  a  time  consuming  task  in  treatment  plan¬ 
ning.  In  most  cases,  the  segmentation  is  performed  manually 
in  a  slice-by- slice  fashion,  creating  a  strong  need  for  auto¬ 
mated  segmentation  tools  in  the  clinics.  The  introduction  of 
four-dimensional  computed  tomography  (4D  CT)  in  radia¬ 
tion  oncology  practice  further  amplifies  this  need  as  the  num¬ 
ber  of  images  to  be  segmented  is  increased  dramatically.7-15 
Generally,  a  4D  CT  scan  consists  of  5-10  sets  of  three- 
dimensional  (3D)  CT  images,  each  representing  the  patient 
anatomy  at  a  specific  phase  of  respiration.  For  4D  radiation 
therapy  applications,  it  is  labor  intensive  to  follow  the  3D 
approach  of  manual  segmentation  due  to  the  immense  work¬ 
load  associated  with  this  process. 

A  natural  way  to  deal  with  the  4D  segmentation  problem 
is  to  start  with  a  known  set  of  contours  for  a  selected  phase 
and  map  these  contours  onto  all  other  phases.  ROIs  for  the 
selected  phase  are  first  manually  contoured,  similar  to  that 
done  in  treatment  planning  based  on  3D  CT  image  data  sets. 
The  mapping  procedure  can  be  accomplished  with  the  aid  of 
a  computer  algorithm  that  registers  an  arbitrary  point  on  the 
selected  phase  to  the  corresponding  points  on  all  other 


phases.  While  conceptually  simple,  the  implementation  of 
this  idea  is  not  straightforward.  An  intelligent  algorithm  ca¬ 
pable  of  providing  accurate  point-to-point  correspondence 
between  the  phased  images,  or  at  least  between  points  within 
the  ROIs,  is  the  key  to  the  success  of  this  approach.  Various 
studies  have  investigated  algorithms  to  automatically  map 
contours  using  deformable  image  registration  and  surface 
mapping  techniques.  One  method  is  based  on  a  deformable 
registration  model.16-18  This  method  has  limited  accuracy, 
especially  in  the  regions  proximate  to  the  interfaces  of  dif¬ 
ferent  organs,  and  is  brute-force  in  nature,  which  entails  a 
large  amount  of  computations.  In  reality,  contour  mapping  is 
a  regional  problem  and  a  global  association  of  the  phase- 
based  images  is  neither  necessary  nor  efficient.  Surface  map¬ 
ping  achieves  the  stated  goal  of  contour  transformation  by 
iteratively  deforming  the  ROI  contour-extended  surface  until 
the  optimal  match  with  the  reference  is  reached.2,19-22  Nu¬ 
merous  surface  mapping  techniques,  such  as  spatial  parti¬ 
tioning,  principal  component  analysis,  conformal  mapping, 
rigid  affine  transformation,  deformable  contours,  and  warp¬ 
ing  based  on  the  thin-plate  spline  (TPS),  have  been  devel¬ 
oped  over  the  years  and  the  end  point  of  all  of  these  tech¬ 
niques  is  a  mapping  between  topological  components  of  the 
input  surfaces  that  allow  for  transfer  of  annotations.  This 
type  of  computation  is  inherently  more  efficient  in  compari¬ 
son  with  the  deformable  model-based  approaches,  but  it  suf- 
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fers  from  the  fact  that  the  resultant  mapping  heavily  depends 
on  the  model  used  and  the  fact  that  the  model  parameters  in 
the  calculations  are  not  physically  transparent. 

In  this  work,  we  combine  the  useful  features  of  the  two 
different  types  of  techniques  for  contour  mapping.  Our  work¬ 
ing  hypothesis  is  that  information  contained  in  the  boundary 
region  is  often  sufficient  to  guide  the  contour  mapping  pro¬ 
cess  without  relying  on  the  use  of  an  ad  hoc  surface  deform¬ 
ing  model.  In  the  proposed  technique,  the  neighborhood  in¬ 
formation  of  the  contour  surface  is  captured  by  a  series  of 
small  cubic  (or  other  shaped)  control  volumes  placed  around 
the  surface.  The  collection  of  the  centers  of  the  control 
volumes  is  a  representation  of  the  contour  surface.  The  ROI 
contour  mapping  proceeds  iteratively  under  the  guidance  of 
the  information  contained  in  the  control  volumes.  The  pro¬ 
posed  method  is  illustrated  by  a  digital  phantom  experiment 
and  three  clinical  lung  case  studies.  The  results  suggest  that 
the  technique  is  capable  of  automatically  mapping  contours 
among  the  4D  CT  phases  with  clinically  acceptable  accuracy. 


Fig.  1 .  A  schematic  drawing  of  the  placement  of  control  volumes  (shown  as 
squares)  on  the  manually  segmented  contour  (depicted  curve).  Each  control 
volume  is  typically  ~  1  cm  in  cubic  shape  as  shown  in  the  zoomed  image. 
No  interpolated  volumes  are  displayed. 


II.  MATERIALS  AND  METHOD 
II.A.  Software  platform 

The  Insight  Toolkit24  (ITK)  and  the  Visualization 
Toolkit25  (VTK),  which  are  open  source  cross -platform 
C++  software  toolkits  and  are  freely  available  for  research 
purposes,  were  used  in  this  study.  A  variety  of  methods  have 
been  programmed  into  the  ITK  platform  for  image  registra¬ 
tion  and  segmentation.  ITK  was  used  for  automatic  mapping 
while  VTK  was  mainly  used  for  3D  visualization  and  con¬ 
tour  construction. 

II. B.  Image  acquisition 

The  4D  CT  image  data  sets  for  three  lung  cancer  patients 
were  acquired  with  a  multislice  helical  CT  scanner  (Discov¬ 
ery  ST,  GE  Medical  System,  Milwaukee,  WI).  The  collected 
data  were  sorted  into  ten  phase  bins.10  The  4D  CT  image  sets 
for  all  patient  studies  were  reconstructed  with  a  2.5  mm  slice 
thickness.  The  size  and  pixel  resolution  of  each  CT  slice  was 
512X512  and  0.98X0.98  mm2,  respectively.  The  4D  CT 
images  were  transferred  through  DICOM  to  a  personal  com¬ 
puter  with  a  Pentium  IV  (2.66  GHz)  processor  for  image 
processing.  One  of  the  phases,  which  is  referred  to  as  the 
template  phase,  was  selected  for  manual  segmentation  of  the 
ROIs.  We  refer  to  the  other  phases  in  the  4D  CT  image  set  as 
the  target  phases  with  corresponding  target  contours.  The 
enrolled  patients  in  this  study  were  under  an  Institutional 
Review  Board  approved  protocol. 

II. C.  Placement  of  control  volumes  along  the  ROI 
contour  surface 

The  task  of  mapping  a  contour  is  to  find  its  corresponding 
location  on  the  target  phase  for  an  arbitrary  point  on  the 
contour  drawn  on  the  template  image.  In  general,  the  image 
feature  surrounding  a  contour  point  can  be  used  as  a  signa¬ 
ture  of  the  point  to  aid  the  search  for  its  corresponding  po¬ 
sition  on  the  target  phase.  In  this  study,  the  image  feature  at 


each  point  was  captured  by  introducing  a  cubic  control  vol¬ 
ume  (~  1  cm  in  size)  centered  at  the  point.  The  manual  ROI 
delineation  was  first  performed  on  the  template  phase  using 
the  Varian  Eclipse  TPS  (Varian  Medical  Systems,  Palo  Alto, 
CA).  Afterwards,  the  contours  were  exported  from  the  TPS 
to  a  local  computer  for  contour  propagation.  The  exported 
contours  are  polygons  on  individual  slices,  and  the  vertices 
of  the  polygons  were  used  as  the  locations  of  control  vol¬ 
umes.  This  is  depicted  in  Fig.  1,  where  the  curve  represents 
the  contour  and  the  squares  represent  the  control  volumes. 
The  center  of  each  control  volume  was  set  at  a  contour  point, 
typically  0.5-1  cm  from  the  next  point.  More  control  vol¬ 
umes  are  placed  through  interpolation  if  the  spacing  between 
two  consecutive  control  volumes  is  greater  than  1  cm.  The 
collection  of  these  points  represents  the  ROI  contour  surface. 

The  contour  mapping  was  carried  out  in  three  steps:  (i) 
mapping  the  introduced  control  volumes  collectively  using  a 
rigid  image  registration  algorithm;  (ii)  iteratively  fine-tuning 
the  3D  positions  of  the  control  volumes  to  determine  the 
deformed  ROI  contour  surface;  and  (iii)  reconstructing  the 
new  contours  by  cutting  the  deformed  surface  slice-by- slice 
along  the  transversal,  sagittal,  or  coronal  direction.  This  pro¬ 
cedure  is  shown  in  Fig.  2  and  described  in  detail  below. 

II. D.  Collective  mapping  of  control  volumes 

After  a  series  of  control  volumes  were  placed  along  the 
segmented  contours  on  the  template  phase,  we  mapped  them 
onto  the  target  phase  collectively  (i.e.,  all  the  control  vol¬ 
umes  were  treated  as  an  entity)  using  a  rigid  image  registra¬ 
tion  algorithm.24  A  feature  of  the  rigid  collective  mapping  is 
that  the  relative  distances  and  orientations  of  the  control  vol¬ 
umes  remain  the  same  during  the  course  of  mapping,  result¬ 
ing  in  an  approximate  ROI  contour  surface  in  the  target 
phase  and  providing  a  good  start  for  further  adjustment  of 
the  contour  shape  to  accommodate  the  organ  deformations. 
We  note  that  using  a  rigid  mapping  is  not  a  necessary  step 
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Fig.  2.  Flow  chart  of  the  automatic  contour  mapping  process  for  4D  CT 
images. 


and  other  methods  capable  of  providing  a  reasonable  initial 
estimate  of  the  ROI  surface  may  also  be  used. 

The  collective  mapping  of  the  control  volumes  was  per¬ 
formed  under  the  guidance  of  a  normal  cross  correlation 
(NCC)  metric24  defined  by 


/=- 


2  2  2  /«(x,)/g(x') 
a  /3  i=  1 


2  2  2  4(xp 

i=  1  P  7=1 


(i) 


where  7a(x;)  is  the  intensity  at  a  point  x,  in  a  control  volume 
indexed  by  a  in  the  target  phase  and  /g(xj)  represents  the 
intensity  at  a  point  xj  in  a  control  volume  indexed  by  f3  in 
the  template  phase.  In  Eq.  (1),  x  and  x'  are  related  by  a  rigid 
transformation  T,  where  Tx'  =x.  We  calculated  the  transfor¬ 
mation  matrix  T,  which  maps  the  ensemble  of  control  vol¬ 
umes  from  the  template  phase  to  the  target  phase.  The  lim¬ 
ited  memory  Broyden-Fletcher-Goldfarb-Shannon 
algorithm  (L-BFGS)  algorithm26-30  was  used  to  optimize  the 
metric  in  Eq.  (1)  with  respect  to  the  transform  parameters. 
The  details  of  this  algorithm  have  been  described 
elsewhere  ’  and  will  not  be  repeated  here.  During  the 
course  of  the  control  volume  mapping,  an  iterative  calcula¬ 
tion  based  on  the  L-BFGS  algorithm  was  carried  out  until  a 
preset  maximum  number  of  iterations  were  met  or  until  the 
NCC  function  stopped  improving. 


II. E.  Fine  tuning  of  the  mapped  control  volumes 

In  the  absence  of  deformation,  the  ROI  contour  of  the 
target  phase  is  obtained  by  connecting  the  centers  of  the 


rigidly  mapped  control  volumes.  In  a  more  general  case 
where  deformation  does  exist,  the  contour  from  the  rigid 
mapping  serves  as  an  initial  estimate  of  the  ROI  contour  in 
the  target  phase.  Further  positional  adjustment  of  the  control 
volumes  is  needed  to  accommodate  the  deformation  of  the 
ROI.  The  final  positions  of  the  control  volumes,  which  define 
the  ROI  surface,  are  determined  by  balancing  the  self-energy 
and  the  interaction  energy,  which  drive  the  control  volumes 
to  their  corresponding  locations  while  maintaining  similar 
shape  integrity  of  the  contour. 

Mathematically,  the  above  adaptation  process  is  modeled 
by  two  “energy  terms.”  The  first  term  is  referred  to  as  “self¬ 
energy”  and  the  second  term  describes  the  “interaction” 
among  the  control  volumes.  Self-energy  tends  to  drive  a  con¬ 
trol  volume  toward  a  position  where  the  neighborhood  envi¬ 
ronment  resembles  itself  most.  For  each  control  volume  in 
the  template  image,  this  process  was  driven  by  the  NCC 
between  the  volume  and  its  corresponding  locations  in  the 
target  image.  The  interaction  term  among  the  control  vol¬ 
umes  intends  to  maintain  the  integrity  of  the  control  volume 
cluster  as  a  whole  and  prevents  any  unrealistic  control  vol¬ 
ume  configuration  from  happening.  The  interaction  energy 
term  is  described  by 

^interaction  —  ^template  —  ^target’  (^) 

where  Mtemplate  is  defined  as  the  correlation  between  a  con¬ 
trol  volume  in  the  template  phase  and  the  neighboring  con¬ 
trol  volumes  in  the  target  phase,  Mtarget  represents  the  corre¬ 
lation  between  the  control  volume  in  the  target  phase  and  the 
neighboring  volumes  in  the  template  phase.  These  two  terms 
take  into  account  the  neighborhood  environment  of  the  con¬ 
trol  volume  being  adjusted  and  apply  a  constraint  on  the 
possible  form  of  the  control  volume  configuration.  In  a 
sense,  the  interaction  energy  in  Eq.  (2)  exerts  a  restoring 
force  when  the  position  of  a  control  volume  is  varied  with 
respect  to  its  neighbors.  The  interaction  force  is  important  in 
preventing  the  control  volumes  from  moving  to  unrealistic 
positions  simply  driven  by  the  self-energy  and  in  retaining 
the  shape  integrity  of  the  ROI  surface.  For  simplicity,  only 
the  adjacent  control  volumes  were  considered  when  comput¬ 
ing  the  interaction  energies.  The  final  position  of  each  con¬ 
trol  volume  was  determined  by  minimizing  the  sum  of  the 
self-energy  and  interaction  energy  terms. 

A  simple  searching  algorithm  was  implemented  to  find  the 
minimum  of  Eq.  (2)  and  thus  the  final  configuration  of  the 
control  volumes.  The  algorithm  was  realized  using  an  ex¬ 
haustive  search  in  the  defined  local  region  around  the  control 
volume  and  was  based  on  three  dimensional  basis.  For  each 
rigidly  mapped  control  volume  on  the  target  phase,  we  de¬ 
fined  a  small  region  of  ~3  cm  around  the  central  point  in 
the  volume.  The  search  region  of  3  cm  was  chosen  primarily 
to  accommodate  maximum  deformation  of  tissue.  3  cm  is  a 
very  conservative  value  because  the  tissue  deformation  in 
two  adjacent  phases  barely  exceeds  this  value  (the  maximum 
deformation  occurring  between  the  inhale  and  exhale  phases 
may  reach  ~3  cm).  Equation  (2)  was  then  minimized  to 
determine  the  optimal  control  volume  location  within  this 
region.  This  process  was  repeated  for  each  separate  control 
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volume.  Due  to  the  fact  that  the  interaction  energy  term  de¬ 
mands  the  information  from  the  neighboring  volumes,  ad¬ 
justing  the  location  of  each  control  volume  changes  the  po¬ 
sition  of  the  previously  fine-tuned  volume.  Therefore,  several 
cycles  of  this  process  were  needed  to  obtain  the  truly  optimal 
positions  of  all  the  control  volumes.  We  found  (see  digital 
phantom  study  in  results  section)  that  2-3  complete  adjust¬ 
ment  cycles  were  adequate  to  find  the  optimal  control  vol¬ 
ume  configuration. 

II. F.  Reconstruction  of  target  contours 

Upon  completion  of  the  control  volume  mapping  and  ad¬ 
aptation,  the  centers  of  each  control  volume  were  identified. 
A  ROI  surface  was  constructed  with  these  central  points  us¬ 
ing  a  triangulated  surface  construction  technique  which  uses 
marching  cubes  method  and  triangular  surface  decimation 
of  VTK.25,33  The  intersection  of  the  surface  with  each  CT 
slice  was  superimposed  on  top  of  the  image  in  order  to  vi¬ 
sualize  the  contour  in  a  conventional  fashion.  These  contours 
can  be  exported  as  ASCII  or  DICOM-RT  format  for  treat¬ 
ment  planning. 

II. G.  Evaluation  of  the  algorithm  and  case  study 

Evaluation  of  a  contour  mapping  algorithm  is  a  difficult 
task  because  of  the  general  lack  of  a  gold  standard  for  com¬ 
parison.  The  proposed  control  volume  based  4D  contouring 
technique  was  first  evaluated  with  a  digital  phantom  experi¬ 
ment.  In  this  study,  a  thoracic  CT  image  was  deformed  in¬ 
tentionally  using  a  known  deformation  matrix  which  was 
introduced  by  drifting  the  positions  of  each  control  volume 
along  the  contour  with  known  sizes.  Specifically,  for  a  con¬ 
trol  volume  i,  we  assign  the  following  displacements: 

D(x,y)  =  i  *  0.01  and  D(z)  =  i  *  0.001  if  i 

=  0,  1,...,  N/2  (3) 

or 

D(x,y)  =  (N- i )  *  0.01  and  D(z)  =  (N-  i )  *  0.001  if  i 

=  N/2  +  1 ,  N/ 2  +  2,  ...A,  (4) 

where  N  is  the  total  number  of  control  volumes  on  the  ROI 
contour.  The  artificially  deformed  image  serves  as  a  “new 
breathing  phase”  relative  to  the  original  image.  The  “ground 
truth”  lung  surface  in  the  target  phase  was  attainable  by 
transforming  the  original  contours  with  the  same  deforma¬ 
tion  matrix.  The  manually  delineated  lung  contours  in  the 
original  image  were  also  mapped  using  the  proposed  novel 
control  volume  based  approach.  A  comparison  of  the  mapped 
lung  surface  with  the  ground  truth  allowed  us  to  quantita¬ 
tively  assess  the  success  of  the  proposed  approach. 

The  control  volume  based  contour  mapping  technique 
was  also  applied  to  three  4D  CT  patient  scans.  A  physician 
manually  delineated  the  lungs  and  GTV  for  each  scan  on  a 
selected  phase  (for  example,  the  exhale  phase).  These  con¬ 
tours  were  then  mapped  onto  all  other  phases  using  the  pro¬ 
posed  technique.  Visual  inspection  was  used  to  evaluate  the 
three  patient  studies.  Although  it  is  less  quantitative,  visual 


(a)  (b) 


Fig.  3.  Validation  process  of  proposed  algorithm  using  a  digital  phantom, 
(a)  Original  image  and  contour;  (b)  Artificially  deformed  image  and  contour 
(ground  truth  contour)  together  with  contour  after  fine  tuning.  These  two 
contours  are  almost  indistinguishable.  The  contour  after  rigid  mapping  is 
also  shown. 

inspection  is  a  cnvenient  way  for  rapid  assessment  of  a  seg¬ 
mentation  calculation,  especially  in  a  case  where  the  ground 
truth  contours  do  not  exist. 

III.  RESULTS 

III.A.  Digital  phantom  study 

The  thoracic  CT  images  before  and  after  the  intentionally 
introduced  deformation  are  shown  in  Fig.  3.  The  manually 
delineated  lung  contour  is  shown  in  Fig.  3(a),  while  the 
ground  truth  contour  obtained  by  transforming  the  manual 
contour  with  the  known  transformation  matrix  is  plotted  in 
Fig.  3(b).  The  contour  from  the  proposed  approach  is  shown 
in  the  same  figure.  To  be  comprehensive,  the  rigidly  mapped 
contour,  which  served  as  the  start  of  the  model-based  refine¬ 
ment,  is  also  plotted  in  Fig.  3(b).  Clearly,  it  is  significantly 
deviated  from  the  lung  boundary.  Visual  inspection  of  the 
ground  truth  contour  and  contour  after  refinement  in  Fig. 
3(b)  indicated  that  the  gold  standard  and  the  mapped  con¬ 
tours  are  similar,  despite  the  fact  that  the  intentionally  intro¬ 
duced  deformation  field  is  quite  large  (the  displacement  of 
the  some  of  the  voxels  is  as  large  as  2.0  cm).  The  mean  and 
maximum  separations  between  the  two  sets  of  contours  were 
found  to  be  1.5  and  2.5  mm,  respectively. 

To  better  understand  the  mapping  process,  we  examined 
the  behavior  of  each  energy  term  (metrics)  during  the  course 
of  the  contour  mapping.  In  Fig.  4(a)  we  plotted  the  values  of 
self-energy,  interactive  energy,  and  total  energy  of  one  of  the 
control  volumes  in  the  process  of  positional  adjustment  in 
the  surrounding  area  of  the  control  volume  in  the  deformed 
image.  For  this  particular  control  volume,  the  minimum  of 
Eq.  (2)  was  reached  after  searching  the  first  30  points.  For 
control  volumes  located  in  regions  where  the  deformation  is 
large,  more  searching  points  may  be  required  to  reach  the 
minimum.  It  is  also  interesting  to  show  how  the  average 
metric  value  of  all  the  control  volumes  evolved.  In  Fig.  4(b) 
the  metric  value  is  depicted  as  a  function  of  the  calculation 
process.  The  first  point,  corresponding  to  step  0,  is  the  metric 
before  mapping.  Step  1  refers  to  the  system  after  rigid  map¬ 
ping.  The  metric  at  this  point  is  decreased  but  does  not  reach 
the  minimum.  The  third  point  shows  the  metric  after  each  of 
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Fig.  4.  (a)  Energies  (self,  interaction,  and  total  energy)  as  a  function  of  the  searching  points  in  the  surrounding  area  of  a  randomly  selected  control  volume 
in  the  target  image  (see  text  for  details),  (b)  The  metric  value  versus  step  during  the  course  of  the  contour  mapping.  The  metric  values  are  the  average  NCC 
of  all  the  involved  control  volumes. 


the  control  volumes  is  fine  tuned  sequentially.  To  obtain  the 
optimal  contours  two  more  cycles  of  fine  tuning  were  per¬ 
formed;  however,  the  improvement  with  further  iterations 
was  not  significant. 

III.B.  Patient  studies 

The  proposed  technique  was  assessed  using  4D  CT  im¬ 
ages  of  three  lung  cancer  patients.  Figure  5  shows  the  manu¬ 
ally  delineated  contours  on  the  4D  CT  scans  of  two  lung 
cancer  patients  for  lung  and  GTV,  respectively.  The  CT  im¬ 
ages  and  contours  are  displayed  in  axial,  coronal,  and  sagittal 
views.  Contours  were  drawn  on  the  exhale  phases  (phase  1) 
for  patient  1  (top  row  in  Fig.  5).  The  GTV  contour  for  patient 
3  was  delineated  on  the  inhale  phase  (phase  5)  as  shown  in 
Fig.  5  bottom  row.  For  patients  1  and  2  the  mapping  of  the 
lung  contours  was  studied.  For  the  third  patient,  GTV  con¬ 
tour  mapping  was  investigated. 

The  lung  contours  before  and  after  the  control  volume- 
based  mapping  for  the  first  patient  are  presented  in  Fig.  6.  To 


(a)  (b)  (c) 


better  visually  evaluate  the  results,  the  CT  images  and  con¬ 
tours  for  this  patient  are  displayed  in  axial,  coronal,  and  sag¬ 
ittal  views  as  in  left,  middle,  and  right  columns,  respectively. 
Target  phases  4,  7,  and  10  are  selected  to  demonstrate  the 
results  as  in  the  top,  middle,  and  bottom  rows  in  Fig.  6.  The 
template  contours  and  rigidly  mapped  contours  were  shown 
and  significantly  deviated  from  the  ROI  boundary.  The  final 
contours  after  the  model-based  adaption  are  presented  as 
well. 

When  the  lung  deformation  is  small,  for  example,  in 
phase  10  of  patient  1  [see  Figs.  6(g)— 6(i)],  the  rigidly 
mapped  contours  closely  resemble  the  target  contours.  Fine 
tuning  merely  provides  limited  adjustment  of  the  contours. 
For  phases  with  large  deformations  (e.g.,  phases  of  4  and  7 


Fig.  5.  The  template  CT  images  and  manually  segmented  contours  for  two 
lung  cancer  patients  (top  row:  patient  1;  bottom  row:  patient  3)  on  axial, 
coronal,  and  sagittal  views.  Right  lung  of  patient  1  and  GTV  of  patient  3 
were  manually  delineated,  respectively. 


Fig.  6.  Axial,  coronal,  and  sagittal  views  of  CT  images  along  with  lung 
contours  for  the  first  patient.  Top  row:  phase  4;  middle  row:  phase  7;  bottom 
row:  phase  10.  Rigidly  mapped  and  target  contours  are  displayed.  Template 
contour  is  also  overlaid  on  displayed  phases. 
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Fig.  7.  Axial,  coronal,  and  sagittal  views  of  CT  images  along  with  GTV 
contours  for  the  third  patient.  Top  row:  phase  2;  middle  row:  phase  4; 
bottom  row:  phase  7.  Rigidly  mapped  and  target  contours  are  displayed. 
Template  contour  is  also  overlaid  on  displayed  phases. 


of  this  patient),  the  model-based  adjustment  after  the  rigid 
contour  mapping  plays  an  important  role  in  obtaining  opti¬ 
mal  contour  arrangement.  In  case  of  the  lung  contours,  our 
analyses  of  the  patient  data  indicate  that  the  accuracy  of  our 
contour  mapping  technique  is  within  one  pixel  in  the  supe¬ 
rior  part  of  the  lung,  where  respiration  induced  deformation 
is  small.  In  other  parts,  the  average  error  on  the  target  con¬ 
tours  is  estimated  to  be  less  than  2.5  mm. 

The  mapped  GTV  contours  for  phases  2,  4,  and  7  in  the 
study  of  patient  3  are  shown  in  Fig.  7.  The  representation  of 
the  contours  is  the  same  as  in  Fig.  6.  For  phases  4  and  7  the 
deformation  was  relatively  small  and  our  contour  mapping 
algorithm  performed  reliably.  For  phase  2,  which  corre¬ 
sponded  to  the  exhale  phases,  significant  deformation  in  the 
ROIs  was  observed.  Despite  this  less  ideal  case,  our  algo¬ 
rithm  still  worked  well  in  these  phases. 

IV.  DISCUSSION 

As  in  3D  radiation  therapy,  delineation  of  ROIs  in  4D  CT 
images  is  a  necessary  step  for  treatment  planning.34  4D  seg¬ 
mentation  is  required  for  constructing  a  4D  patient  model 
and  for  computing  the  accumulated  dose  of  moving  or  de¬ 
formed  organs.  One  way  to  proceed  is  to  draw  all  contours 
on  one  of  the  phases  of  respiration  and  map  or  propagate 
these  contours  onto  the  remaining  phases.  Various  deform¬ 
able  models  have  been  used  for  ROI  contour  mapping  as 
discussed  in  the  introduction.  In  this  work,  we  take  a  re¬ 
gional  approach  based  on  the  mapping  and  adaptation  of  the 
sparsely  sampled  control  volumes.  Our  approach  takes  ad¬ 
vantage  of  the  imaging  features  surrounding  the  ROI  and 
uses  them  as  guidance  in  searching  for  the  optimal  mapped 
contours  while  considering  the  shape  integrity  of  the  ROI 
surface. 


The  mapping  of  a  point  in  one  image  to  another  is  easily 
achievable  if  a  unique  identifier  or  signature  can  be  tagged  to 
the  point.  Here  the  image  feature  contained  in  a  control  vol¬ 
ume  is  employed  as  a  signature  of  the  point  to  facilitate  the 
process  of  finding  its  corresponding  location  in  the  target 
phases.  The  concept  of  control  volume  was  first  introduced 
by  Schreibmann  and  Xing23  and  its  advantages  for  both 
intra-  and  intermodality  image  registration  have  been  dem¬ 
onstrated.  This  study  represents  a  novel  application  of  the 
concept  to  4D  image  segmentation.  After  a  rigid  mapping  of 
the  contours  from  the  template  phase  to  the  target  phase,  a 
model-based  adaptation  is  performed  to  establish  a  reliable 
association  between  the  ROIs  in  two  phase  specific  image 
sets.  This  adaptation  takes  into  account  the  deformation  of  an 
object  and  ensures  the  overall  integrity  of  the  resultant  ROI 
surface.  The  calculation  is  local  in  nature,  which  improves 
both  computational  efficiency  and  convergence  behavior. 

A  quantitative  comparison  of  different  deformable  regis¬ 
tration  algorithms  is  a  difficult  task  because  of  the  multifac¬ 
eted  and  even  subjective  nature  of  the  problem.  A  unbiased 
and  meaningful  comparison  may  entail  the  efforts  from  mul¬ 
tiple  institutions.35  Thus  we  defer  the  detailed  comparative 
study  to  the  future.  However,  we  wish  to  emphasize  that  the 
chief  advantage  of  the  proposed  technique  is  its  computa¬ 
tional  efficiency.  Because  of  the  regional  nature  of  the  calcu¬ 
lation,  our  general  finding  is  that  the  new  algorithm  is  at  least 
an  order  of  magnitude  faster  than  the  whole  image  based 
approach.17,18  Enormous  saving  in  the  memory  usage  in  the 
proposed  approach  is  also  self-explanatory  and  highly  desir¬ 
able  feature  in  practice. 

A  common  problem  in  image  segmentation  and  contour 
mapping  studies  is  the  lack  of  quantitative  validation.  In  the 
study  of  Lu  et  al .,36  for  example,  the  accuracy  of  a  deform¬ 
able  model-based  contour  mapping  technique  was  evaluated 
purely  based  on  visual  inspection.  The  same  approach  was 
employed  in  many  other  previous  investigations.4,6,16,18  In 
our  study,  in  addition  to  the  visual  evaluation,  a  set  of  digital 
phantom  experiments  was  introduced  to  evaluate  the  success 
of  the  proposed  technique.  By  applying  a  prespecified  defor¬ 
mation  matrix  to  the  original  image,  the  ground  truth  of  the 
contour  propagation  is  readily  known.  Therefore,  the  experi¬ 
ments  provide  a  quantitative  test  of  the  proposed  algorithm. 
In  general,  we  found  that  a  spatial  accuracy  better  than  2.5 
mm  is  achievable  using  our  technique. 

V.  CONCLUSION 

The  development  of  4D  radiation  therapy  involves  the  use 
of  a  large  number  of  images  acquired  at  different  times 
and/or  with  different  modalities.  Clinical  implementation  of 
the  new  IGRT  paradigm  is,  to  a  large  extent,  bottlenecked  by 
the  inability  to  accurately  and  efficiently  register  images  and 
segment  the  ROIs.  In  this  work,  a  mathematical  framework 
for  control  volume-based  contour  mapping  has  been  pro¬ 
posed  for  4D  radiation  therapy.  We  demonstrated  that  the 
information  contained  in  the  boundary  region  is  sufficient  to 
guide  the  contour  mapping  process  without  registering  the 
whole  image  or  relying  on  the  use  of  an  ad  hoc  surface 
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deforming  model.  The  results  showed  that  the  control 
volume-based  contour  mapping  algorithm  is  capable  of  ro¬ 
bustly  and  accurately  mapping  contours  from  one  phase  of  a 
4D  CT  to  the  remaining  phases.  Our  technique  decreases  the 
workload  involved  in  4D  CT  ROI  segmentation  and  provides 
a  valuable  tool  for  the  efficient  use  of  available  spatial-tempo 
information  for  4D  simulation  and  treatment. 
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Object  displacement  in  a  CT  scan  is  generally  reflected  in  CT  projection  data  or  sinogram.  In  this 
work,  the  direct  relationship  between  object  motion  and  the  change  of  CT  projection  data  (sino¬ 
gram)  is  investigated  and  this  knowledge  is  applied  to  create  a  novel  algorithm  for  sinogram 
registration.  Calculated  and  experimental  results  demonstrate  that  the  registration  technique  works 
well  for  registering  rigid  2D  or  3D  motion  in  parallel  and  fan  beam  samplings.  Problem  and 
solution  for  3D  sinogram-based  registration  of  metallic  fiducials  are  also  addressed.  Since  the 
motion  is  registered  before  image  reconstruction,  the  presented  algorithm  is  particularly  useful 
when  registering  images  with  metal  or  truncation  artifacts.  In  addition,  this  algorithm  is  valuable  for 
dealing  with  situations  where  only  limited  projection  data  are  available,  making  it  appealing  for 
various  applications  in  image  guided  radiation  therapy.  ©  2007  American  Association  of  Physicists 
in  Medicine.  [DOI:  10.1118/1.2767402] 
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I.  INTRODUCTION 

Registration  of  computed  tomography  (CT)  images  plays  an 
important  role  in  image  guided  interventions.  Usually,  the 
registration  is  performed  on  reconstructed  images  due  to 
their  prominent  spatial  and  anatomical  details.1-4  In  reality, 

5—8 

this  type  of  registration  can  be  difficult  if  artifacts  exist. 
When  patients  with  prostheses,  dental  fillings,  metal  mark¬ 
ers,  or  surgical  clips  are  studied  with  CT,  the  metallic  objects 
can  lead  to  severe  streaking  artifacts.  Artifacts  in  a  recon¬ 
structed  image  not  only  deteriorate  the  image  quality,  but 
also  hinder  image  registration  for  treatment  planning  or  pa¬ 
tient  localization.  A  loss  of  detail  usually  occurs  around  the 
metal-tissue  interface.9-13  Many  techniques  have  been  de¬ 
voted  to  reduce  or  suppress  metal  artifacts,  but  a  complete 
solution  remains  illusive.  Because  streak  artifacts  most  often 
rise  from  inaccurate  beam  hardening  corrections  used  in  fil¬ 
tered  backprojection  (FBP)  reconstruction,  image  registra¬ 
tion  before  the  reconstruction  has  the  potential  to  attain  more 
accurate  and  reliable  results. 

Previously,  registrations  in  projection  data  space  have 
been  investigated  using  Radon  and  Fourier  transforms.14-18 
While  this  method  is  general,  the  inherent  mathematical 
complexity  makes  it  conceptually  less  intuitive  and  difficult 
to  implement.  Particularly,  continuous  and  smooth  images 
functions  were  assumed  in  order  to  perform  the  Fourier 
transformations  and  this  made  it  problematic  to  register  the 
case  with  metal  implants.  In  order  to  be  mathematically  man¬ 
ageable,  assumptions  such  as  small  rotation  angles,17  are  of¬ 
ten  introduced,  which  further  limits  the  inverse  based  ap¬ 
proach. 

In  this  work,  we  study  a  relationship  between  the  body 
motion  and  projection  data  (sinogram)  and  demonstrate  that 
the  relation  can  be  used  for  image  registration  directly  in 
sinogram  space.  Chief  advantages  of  the  proposed  technique 
are  that  it  is  comprehensive  and  relatively  simple  in  imple¬ 


mentation.  Applications  of  the  approach  to  a  number  of  beam 
geometries,  including  parallel,  fan,  and  cone  beam  geom¬ 
etries,  indicated  that  the  algorithm  is  valuable  for  image  reg¬ 
istration.  This  technique  is  particularly  useful  in  the  presence 
of  metal  or  other  types  of  reconstruction  artifacts.  The  ap¬ 
proach  sheds  some  insight  into  the  image  registration  prob¬ 
lem  and  provides  valuable  perspective  for  future  develop¬ 
ment  along  the  direction. 

II.  METHOD 

II.A.  2D  motion  in  parallel  beam  scan 

A  rigid  body  motion  can  be  represented  as  a  rotation 
around  a  fixed  center  plus  a  translation  of  the  point.  In  a  2D 
case  (motion  in  the  axial  plane),  after  a  rotation  [Rz(a),a  is 
the  rotation  angle  around  the  z  axis,  central  axis,  or  superior- 
interior  direction]  and  a  translation  [ M(r,/3 ),  where  r  is  the 
translation  amplitude  and  (3  is  the  polar  angle  of  the  transla¬ 
tion  vector]  operation,  a  point  on  a  reference  x-ray  path  (de¬ 
fined  as  the  reference  position  with  a  subscript  of  r),  (xr,yr), 
becomes  a  point  on  the  same  physical  x-ray  path,  (. X/,y/ ),  at 
the  floating  position  (with  a  subscript  of/).  The  transforma¬ 
tion  between  the  two  positions  is  given  by 

Xf  =  xr  cos  a  +  yr  sin  a  +  r  cos  /3, 

yf= -xrsin  a  +  yrcos  a+  r  sin  yS.  (1) 

During  parallel  beam  sampling,  the  projection  for  the  float¬ 
ing  position  ( Xf,yy )  is 

fCG  fOO 

R[f](Qf,Sf)=  \  I  f(xf, yf)S(xf  sin  0f-yf  cos  6f 

J  —CO  J  —00 

- Sf)dxfdyy ,  (2) 

where  f(xf,y-f)  represents  the  decay  efficiency  (attenuation 
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Fig.  1.  Schematic  diagrams  for  the  parallel  and  fan  beam  projection  geom¬ 
etries:  (a)  parallel  beam  and  (b)  fan  beam. 


coefficient)  and  {Of,Sf)  is  the  projection  angle  and  the  radial 
distance  of  (xf,yj)  at  the  floating  position  [see  Fig.  1(a)  for  a 
schematic  diagram]. 

Using  the  transformation  [Eq.  (1)],  we  have 

Xf  sin  Of  -  yf  cos  Of  -  Sf  =  xr  sin  ( Of  +  a)  -  yr  cos  ( Of  +  a) 

+  r  sin  {Of-  (3)  -  Sf.  (3) 

The  projection  data  for  the  floating  position  become 

roo  rcc 

R[f](Of,Sf)=  I  I  f  (xnyr)S(xr  sin  0r-yrcos  6r 

J  —oo  J  —00 

-  sr)  dxr  dyr  =  R[f]{Onsr) ,  (4) 

where  the  projection  angle  ( 0r )  and  radial  distance  (sr)  for 
the  reference  position  are  defined  as 

0r  —  Of  +  a , 

sr  —  Sf—  r  sin  {Of-  [3).  (5) 

At  the  same  tim {xr,yr)=f{xf,yf),  since  they  are  the  decay 
efficiency  for  the  same  physical  point  on  the  object. 

It  is  evident  in  Eq.  (4)  that  the  projection  ray  paths  are 
repeated,  but  the  projection  angle  and  radial  distance  might 
be  modified  by  the  motion  as  indicated  in  Eq.  (5).  This  dem¬ 
onstrates  that  any  rigid  motion  in  the  axial  plane  only  relo¬ 
cates  the  projection  data  on  the  sinogram  without  changing 
projection  intensities.  Equation  (5)  gives  the  relationship  be¬ 
tween  the  motion  and  the  projection  angle  and  radial  dis¬ 
tance. 


II. B.  2D  motion  in  fan  beam  scan 

A  similar  relationship  exists  for  fan  beam  sampling  with  a 
focus  length  of  F  and  radial  length  R ,  where  FR  =  F-R.  Fig¬ 
ure  1(b)  illustrates  the  fan  beam  geometry.  After  a  rotation 
[7?z(a)]  and  a  translation  [ M{r,(3 )],  any  original  reference 
point  {xr,yr)  becomes  a  point  on  the  floating  trace  {xf,yf). 
The  sinogram  transformations  are 

4>r  +  (Pr=  4>f+  9/+  a> 


r 

sin  <pr=  sin  <pf-  —  sin  {(f)f  +  <pf-  0),  (6) 

r  K 

where  <fir  and  <fif  are  the  angles  of  the  source,  and  cpr  and  cpf 
are  the  fan  angles  [tan  {cp)  =  s/F,  s  is  the  radial  distance]. 
Subscripts  r  and  /  are  denoted  for  the  reference  and  floating 
positions,  respectively. 


II. C.  3D  motion  registration 

Similar  to  that  studied  by  Lu  et  al .,17  the  sinogram-based 
registration  can  be  extended  to  3D  motion  with  six  degrees 
of  freedom  under  the  assumption  of  small  angle  rotations 
(pitch  or  yaw)  on  a  direction  perpendicular  to  the  central 
axis.  Because  of  the  limited  practical  usage  of  the  approxi¬ 
mation  scheme,  the  details  are  presented  in  the  Appendix  . 

17 

The  derivation  is  essentially  the  same  as  that  of  Lu  et  al , 
except  that  here  it  is  done  in  the  real  space  instead  of  the 
Fourier  space. 

Obtaining  sinogram  transformation  for  an  arbitrary  object 
motion  is  a  mathematically  challenging  task.  For  practical 
purpose,  here  we  apply  the  sinogram-based  registration  to  an 
important  special  situation  of  interest,  that  is,  the  registration 
in  the  presence  of  metal  implants.  The  study  not  only  pro¬ 
vides  the  solution  to  a  clinically  relevant  issue  but  also  sheds 
valuable  insight  into  the  problem  of  registration  in  sinogram 
space. 

Theoretically,  registering  a  3D  motion  of  a  rigid  body  is 
equivalent  to  registering  the  motion  of  three  or  more  points 
in  the  object  provided  that  those  points  are  not  on  a  straight 
line.  For  a  patient  with  three  or  more  metallic  implants  or 
fiducial  markers,  the  registration  can  be  simplified  to  register 
these  fiducials.  As  is  well  known,  a  metallic  fiducial  appears 
in  the  tomographic  sinogram  as  a  bright  sinusoidal  curve  and 
can  be  easily  identified.  Simplification  of  registering  metallic 
fiducials  arises  from  the  fact  that  one  can  simply  relate  the 
fiducial  coordinates  geometrically  before  and  after  object 
motion  without  worrying  about  their  intensity  change  in  the 
projections.  Geometrically,  the  transformation  of  a  spatial 
point  on  different  planes  is  readily  attainable,  and  the  relation 
can  be  employed  to  guide  the  optimal  match  of  the  sinu¬ 
soidal  curves  of  the  implanted  fiducials. 

A  radiation-opaque  fiducial  at  {xB,yB,zB)  or  (rB,0B,zB)  in 
Fig.  1(b)  is  reflected  by  a  bright  curve  on  the  sinogram  of  the 
slice  zB .  For  a  fan  beam  geometry  as  sketched  in  Fig.  1(b), 
the  gantry  angle  (</>)  and  the  fan  angle  (<p)  are  related  by 


tan  (p  = 


r_B  sin  (</>-  #b) 

FR  -  rB  cos  {<fi-  0B ) 


(7) 


Similar  projection  trace  for  metallic  fiducials  can  be  derived 
for  cone  beam  scanning.  The  location  of  the  fiducial  on  a 
projection  depends  on  its  position  ( rB,0B,Zs )  and  gantry 
angle  cf>  as  defined  in  Fig.  1(b).  Generally,  the  portal  imager 
has  two  orthogonal  axes,  s  and  z,  while  the  z  is  along  the 
longitudinal  direction  and  coincident  to  the  patient  coordi¬ 
nate  z  and  s  is  perpendicular  to  z  direction.  Assuming  that  the 
origin  of  the  s-z  coordinate  system  is  at  the  imager  center,  we 
have 
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Fig.  2.  Flow  chart  of  sinogram  registration  procedure. 


FrB  sin  ( 0B) 

FR  -  rB  cos  (<fi-  0B)  ’ 


FR  -  rB  cos  ((f)-  0B) 

II. D.  Registration  procedure 

The  flow  chart  of  the  sinogram-based  registration  proce¬ 
dure  is  shown  in  Fig.  2.  The  calculation  starts  from  a  trial 
association  of  the  two  input  sinograms  and  is  followed  by 
iterative  tests  of  sequential  trial  motions  under  the  guidance 
of  a  search  algorithm.  For  each  trial  motion,  the  correspond¬ 
ing  sinogram  was  generated  from  the  floating  sinogram  ac¬ 
cording  to  the  transformation  given  in  Eqs.  (5)-(8).  The  trial 
sinogram  was  then  compared  with  the  reference  sinogram. 
After  the  iterative  trial  and  comparison,  the  optimal  motion 
transformation  is  found.  To  examine  the  performance  of  the 
iterative  search  algorithm,  an  exhaustive  search  was  also 
implemented  for  the  2D  studies. 

For  the  3D  fiducial  registration,  the  fiducials  were  repre¬ 
sented  by  the  coordinates  of  their  centers  of  mass,  and  their 
locations  on  the  projection  planes  were  presented  as  func¬ 
tions  of  gantry  angle.  The  locations  of  the  fiducials  on  the 
projection  planes  were  detected  by  an  intensity-based  fidu¬ 
cial  search  algorithm.  The  3D  coordinates  of  a  fiducial  were 
calculated  based  on  Eq.  (7)  or  (8).  At  last,  six  transformation 
parameters  relating  the  two  sets  of  fiducial  position  3D  co¬ 
ordinates  were  calculated  by  a  simple  six  degree  of  freedom 
rigid  transformation.19 

Both  exhaustive  search  method  and  iterative  algorithm 
were  used  for  optimization.  The  former  algorithm  searches 
the  multi-dimensional  space  within  a  prespecified  region  of 
interest  to  find  the  shifts.  A  normalized  cross  correlation 
(NCC)  between  the  two  sinograms  was  used  to  rank  different 

g 

matching.  To  be  computationally  efficient,  the  search  step 
was  set  to  a  large  value  initially  and  then  gradually  reduced. 
A  typical  capture  range  includes  an  axial  rotation  in  all  di¬ 
rections  (360  deg)  and  translations  up  to  100  pixels  or  rel¬ 


evant  length  in  two  orthogonal  directions.  The  final  resolu¬ 
tion  is  up  to  0.2  deg  in  rotation  and  one  pixel  in  translation. 
The  iterative  algorithm,  simulated  annealing,  was  also  inves¬ 
tigated  for  optimization  of  the  metric  function.  Each  step  of 
the  simulated  annealing  algorithm  replaces  the  current  solu¬ 
tion  by  a  random  “nearby”  solution,  chosen  with  a  probabil¬ 
ity  that  depends  on  the  difference  between  the  corresponding 
function  values  and  on  a  global  parameter  (called  the  anneal¬ 
ing  temperature),  which  is  gradually  decreased  during  the 
process.  ’  Generally,  a  registration  could  be  completed  on 
a  PC  (DELL  Precision  470,  CPU  3.40  GHz,  and  3.0  GB  of 
RAM)  in  a  few  minutes. 


II. E.  Digital  phantom  study 

A  simulated  2D  Shepp-Logan  head  phantom  model 
(512  pixels  X  512  pixels)  (Matlab,  Math  Works,  Inc.,  Natick, 
MA)  was  adopted  to  test  the  algorithm  for  2D  registration. 
After  rotational  and  translational  operations,  floating  images 
were  created  and  the  corresponding  sinograms  were  simu¬ 
lated  for  different  projection  geometry  including  parallel 
beam,  fan  beam  with  equal  angle  sampling,  and  fan  beam 
with  equal  distance  sampling.  Radon  transform  and  inverse 
radon  transform  functions  from  Matlab  were  used  for  parallel 
beam  simulation  and  reconstruction.  In-house  software  was 
used  for  fan  beam  simulation  and  reconstruction.  A  3  pixel 
by  3  pixel  metal  filling  was  added  to  the  phantom  model  in 
order  to  test  the  effects  of  metal  artifacts  on  registration. 
After  a  rotation  and  a  translation,  a  floating  position  was 
generated.  Fan  beam  sinograms  with  equal  distance  sampling 
were  simulated  for  the  modified  phantom.  To  show  the  ad¬ 
vantage  of  sinogram-based  registration,  the  results  were 
compared  with  that  obtained  by  traditional  NCC-based  reg¬ 
istration  after  image  reconstruction.8 


II. F.  Physical  phantom  study 

A  physical  head  phantom  was  scanned  using  an  onboard 
kV  cone  beam  scanner  (Trilogy,  Varian  Medical  Systems, 
Palo  Alto,  CA).  The  phantom  was  installed  on  a  platform  that 
allows  3D  translational  and  2D  rotational  (around  the  z  axis 
and/or  y  axis)  motion.  For  the  2D  study,  fan  beam  sinograms 
were  generated  for  the  central  axial  plane  because  the  central 
axial  plane  projection  of  cone  beam  CT  is  identical  to  a  fan 
beam  scan. 

This  phantom  was  also  used  to  test  the  fiducial  based  3D 
registration.  Four  CT  BBs  with  a  diameter  of  1.57  mm  were 
placed  on  the  surface  of  the  phantom.  After  a  reference  scan 
was  done,  five  motions  were  introduced,  each  corresponding 
to  one  of  the  five  permissible  motions  of  the  phantom  plat¬ 
form.  Combinational  motions  of  the  five  degrees  of  freedom 
of  the  phantom  platform  were  also  introduced  and  the  ability 
of  the  algorithm  to  identify  the  introduced  errors  was  evalu¬ 
ated. 
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Fig.  3.  Sinograms  and  reconstructed  images  for  the  reference  case,  the  float¬ 
ing  case,  and  the  registered  results  of  a  phantom  model  using  a  fan  beam 
with  equal  angle  sampling. 


Fig.  4.  Sinograms  and  reconstructed  images  for  the  reference  case,  the  float¬ 
ing  case,  and  the  registered  results  of  a  phantom  model  with  a  metal  filling 
using  a  fan  beam  with  equal  angle  sampling. 


III.  RESULTS 

III.A.  2D  registration  of  digital  phantom 

The  presented  algorithm  was  found  to  work  well  in  both 
simulated  and  physical  phantom  experiments.  Rotations, 
translations,  and  the  combinations  of  rotations  and  transla¬ 
tions  were  registered  correctly  for  various  CT  sampling 
methods  and  geometries.  Figure  3  shows  the  results  of  the 
simulated  fan  beam  with  equal  distance  sampling.  Along 
with  the  sinograms  of  the  reference  position,  the  floating 
position,  and  the  registered  position,  the  reconstructed  im¬ 
ages  are  shown  on  the  bottom  row  for  clarity.  The  registered 
position  is  obtained  by  transforming  the  floating  position  si¬ 
nogram  to  match  the  reference  position  sinogram.  It  is  evi¬ 
dent  that  the  registered  sinogram  and  reconstructed  image  are 
indistinguishable  from  those  of  the  reference.  The  registra¬ 
tion  accuracy  has  been  evaluated  by  subtracting  the  recon¬ 
structed  images  based  on  the  registered  sinograms  from  the 
reconstructed  images  based  on  the  reference  sinograms.  The 
maximum  error  was  then  obtained  from  the  differences.  The 
spatial  accuracy  of  registration  illustrated  in  Fig.  3  is  better 
than  2  pixels  in  all  directions. 

For  comparison,  registration  was  performed  in  image 
space  based  on  the  reconstructed  reference  and  floating  im¬ 
ages.  The  two  methods  of  registration  yield  the  similar  reg¬ 
istration  accuracy  in  the  absence  of  metal  artifacts.  As  will  be 
seen  later,  this  is,  however,  not  the  case  in  the  presence  of 
metal  artifacts. 

III.B.  2D  registration  of  digital  phantom  with  metal 
filling 

When  the  metal  artifacts  are  “switched  on,”  the  image 
based  registration  failed  to  yield  accurate  motion  values.  On 
the  other  hand,  the  presence  of  metal  imposed  little  influence 
on  the  sinogram-based  registration  and  the  registration  result 
remained  essentially  unchanged.  The  first  row  of  Fig.  4  com¬ 
pares  the  registered  sinogram  with  the  reference  sinogram  of 
the  simulation  phantom  with  metal  filling.  The  reconstructed 


images  based  on  the  sinogram  data  are  shown  in  the  second 
row.  The  metal  fillings  lead  to  obvious  streak  artifacts  on  the 
reconstructed  images  but  no  effect  on  the  sinogram  data.  The 
conventional  image-based  registration  behaves  poorly  in  this 
case.  Spatial  accuracy  of  the  registration  was  found  to  be 
greater  than  4  pixels  in  the  best  scenarios.  After  an  image- 
based  registration,  the  NCC  value  was  improved  from  -0.45 
to  -0.87  (the  NCC  for  the  perfect  matching  is  -1).  For  Fig.  3 
without  metal  artifacts,  the  value  of  NCC  in  the  image-based 
registration  is  -0.98.  It  is  interesting  to  note  that  the  ground 
truth  solution  of  system  does  not  yield  the  best  metric.  When 
we  manually  put  the  two  images  together  according  to  the 
known  shifts,  the  NCC  value  was  only  -0.83  due  to  the 
existence  of  the  streak  artifacts  that  are  not  affiliated  to  the 
motion.  This  suggests  that  the  artifacts  seriously  disturb  the 
search  space  and  introduce  nonphysical  minima  in  the  metric 
function  space.  In  contrast,  the  metal  fillings  led  to  bright 
thin  lines  on  the  sinogram,  which  facilitate  the  sinogram  reg¬ 
istration.  A  spatial  accuracy  better  than  2  pixels  was  readily 
achievable  by  the  sinogram-based  registration. 

III.C.  2D  registration  of  physical  phantom 

The  registration  results  for  the  physical  phantom  experi¬ 
ments  are  shown  in  Fig.  5.  After  the  reference  scan  was 
performed,  the  phantom  was  moved  with  a  known  amount  to 
generate  the  sinogram.  The  new  position  of  the  phantom  was 
set  by  rotating  the  phantom  by  15  deg  around  the  central  axis 
and  translating  it  by  3  cm  on  the  axial  plane.  The  reference 
and  floating  scans  were  performed  in  different  gantry  rota¬ 
tion  directions  (clockwise  and  counter-clockwise)  and  they 
had  different  projection  numbers  (640  projections  for  the  ref¬ 
erence  scan  and  639  projections  for  the  floating  scan)  and 
different  projection  angle  lists.  In  addition,  a  small  portion  of 
the  nose  of  the  phantom  was  outside  of  the  scan  range  in  the 
reference  scan.  The  sinogram-based  registration  was  able  to 
find  the  correct  solution  in  this  less  than  ideal  case  with  all  of 
these  differences  in  the  two  sinogram  data  sets.  After  regis¬ 
tration,  the  motion  trace  and  the  original  sinogram  were  re- 
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Fig.  5.  Central  axial  plane  sinograms  and  reconstructed  images  for  the  ref¬ 
erence  case,  the  floating  case,  and  the  registered  results  of  a  phantom 
scanned  using  a  cone  beam  CT. 

covered,  shown  as  a  registered  sinogram.  The  spatial  accu¬ 
racy  was  found  to  be  better  than  1  mm  in  this  case. 


III.D.  3D  registration  of  physical  phantom  with  metal 
fiducials 

Figure  6  illustrates  four  projections  acquired  during  a 
typical  cone  beam  CT  scan.  Projected  positions  of  the  four 
fiducials  (BBs)  vary  with  gantry  angle  and  they  are  plotted  in 
Fig.  7.  In  few  cases,  a  BB  was  hardly  detectable  when  it  is 
close  to  the  projection  of  the  edge  of  a  bony  structure.  How¬ 
ever,  the  missing  portion  of  the  projections  (see  Fig.  7)  does 
not  affect  our  registration  because  its  projections  from  other 
directions  provide  sufficient  information  to  guide  the  regis¬ 
tration.  After  the  fiducial  coordinates  were  calculated  from 
reference  and  floating  data,  the  3D  transformation  parameters 
were  calculated  and  compared  against  the  known  phantom 
3D  motion.  Table  I  summarizes  the  calculated  results  for  the 
five  independent  motions  of  the  phantom.  Additionally,  it  is 
found  that  the  proposed  algorithm  was  able  to  resolve  any 
intentionally  introduced  combinational  object  motion  of  the 


s  (mm)  s  (mm) 

Fig.  6.  Four  projections  of  the  cone  beam  CT  scan  of  the  head  phantom.  Gantry  angle  is  labeled  on  each  plot. 
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Gantry  Angle  ( Degree) 

Fig.  7.  Fiducial  projections  in  a  cone  beam  CT  scan. 

five  degrees  of  freedom  and  yield  registration  better  than 
0.4  deg  for  angular  variables  or  0.4  mm  for  spatial  transla¬ 
tions. 

IV.  DISCUSSION 

In  this  work,  the  relationship  between  an  object  motion 
and  the  resulted  sinogram  change  was  employed  to  facilitate 
the  registration  of  two  sinograms.  A  salient  feature  of  the 
sinogram-based  registration  is  that  it  allows  us  to  avoid  any 
adverse  influence  of  image  reconstruction  and  thus  register 
the  motion  more  accurately  and  reliably.  The  application  of 
this  algorithm  is  not  limited  to  metal  artifact  evasion.  Gen¬ 
erally  speaking,  the  method  is  valuable  wherever  the  image 
reconstruction  is  incapable  of  reconstructing  the  image  with 
high  fidelity.  In  this  case,  a  direct  registration  in  the  image 
space  is  often  adversely  influenced  by  the  reconstruction- 
induced  artifacts,  and  sinogram-based  registration  provides  a 
complementary  alternative.  Another  useful  application  of  the 
proposed  algorithm  is  to  register  two  objects  with  incomplete 
projection  data.  This  is  of  practical  importance;  as  in  many 
circumstances  in  IGRT,  the  available  data  is  limited  due  to 
various  clinical  constraints.  For  example,  in  respiration-gated 
radiation  therapy  guided  by  fluoroscopic  imaging,  the  only 
data  available  from  time  to  time  are  the  two  stereotactic  pro- 

i  22-24 

jection  data. 

Three-dimensional  motion  registration  in  sinogram  space 
is  generally  limited  to  small  angle  rotation  due  to  a  general 
lack  of  a  direct  mathematical  relation  between  sinograms 

Table  I.  Calculated  transformation  parameters  versus  phantom  setup.  Each 
column  presents  a  one-dimensional  motion  in  one  of  the  five  degree  of 
freedom  of  the  phantom  platform.  Ry  and  Rz  are  rotations  around  _y  and  z 
axes,  respectively.  Dx,  Dy,  and  Dz  are  translations  along  x,  y,  and  z  axes, 
respectively. 


Ry 

«z 

Dx 

Df 

Dz 

(deg) 

(deg) 

(mm) 

(mm) 

(mm) 

Phantom  motion 

5.0 

5.0 

5.0 

5.0 

5.0 

Calculated 

5.0 

4.8 

5.0 

5.0 

5.0 

corresponding  to  different  object  positions.  One  way  to  pro¬ 
ceed  is  to  derive  the  transformation  by  going  through  the 
inverse  image  reconstruction  process.  In  CyberKnife  stereo¬ 
tactic  x-ray  guidance  system  (Accuray  Inc.,  Sunnyvale,  CA), 
for  example,  this  is  achieved  by  prestoring  a  large  number  of 
digitally  reconstructed  radiograms  (DRRs),  each  correspond¬ 
ing  to  a  possible  object  motion.  During  an  actual  treatment 
session,  the  acquired  projection  images  at  a  time  point  are 
compared  with  the  prestored  DRRs  to  determine  the  actual 
patient  anatomy  in  the  treatment  machine  coordinates.  An¬ 
other  alternative  to  obtain  the  transformation  is  to  use  Fou¬ 
rier  transform.  Unfortunately,  this  approach  assumes  a 
smooth  density  function  of  the  object  and  thus  also  can  cause 
metal  artifacts  (except  for  MV  tomographic  application). 
While  the  formalism  is  general,  the  actual  implementation 
cannot  easily  proceed  without  approximation  of  small  angle 
limitation.17 

In  lieu  of  attempting  to  provide  a  complete  3D  solution, 
which  seems  to  be  mathematically  intractable,  we  focused  on 
developing  a  formalism  of  3D  metallic  fiducial  registration 
in  sinogram  space.  After  all,  this  is  where  the  image-based 
registration  encounters  difficulty  and  this  is  where  the  sino¬ 
gram  registration  complements  the  conventional  approach. 
Our  results  suggest  that  the  technique  provides  a  viable  so¬ 
lution  for  fiducial  matching  of  image  guided  radiation 
therapy. 

In  the  above  only  rigid  registration  is  discussed.  In  the 
presence  of  organ  deformation,  the  3D  registration  in  sino¬ 
gram  space  may  be  difficult  because  of  the  lack  of  aforemen¬ 
tioned  sinogram  transformation  that  links  two  object  posi¬ 
tions.  Conceptually,  there  seems  to  be  no  obstacle  impending 
the  extension  of  any  image-feature-based  deformable  model 
(such  as  the  basis  spline  or  thin  plate  spline  method)  to  deal 
with  the  problem  in  sinogram  space  if  the  sinogram  transfor¬ 
mation  is  available  either  analytically  or  numerically.  How¬ 
ever,  one  may  encounter  difficulty  when  attempting  to  de¬ 
velop  a  physical-model-based  registration  (such  as  elastic- 
model-based  registration)  in  sinogram  space  without 
invoking  the  inverse  image  reconstruction  process  because  a 
physics  model  is  usually  developed  in  image  space.  The  fact 
that  our  formalism  is  established  in  the  real  space  instead  of 
the  Fourier  space  makes  it  potentially  useful  in  the  develop¬ 
ment  of  deformable  registration  in  sinogram  space  in  the 
future.  This  is  clearly  a  subject  of  future  study. 

V.  CONCLUSION 

We  have  investigated  the  relationship  between  object  dis¬ 
placement  and  CT  projection  data  relocation  and  applied  this 
relation  for  sinogram-based  image  registration.  Problem  and 
solution  for  3D  sinogram-based  registration  of  metallic  im¬ 
plants  were  also  addressed.  Simulated  and  experimental  re¬ 
sults  demonstrated  that  the  new  registration  technique 
worked  well  for  registration  of  2D  rigid  axial  motion  in  par¬ 
allel  beam  sampling  and  fan  beam  sampling  CT  scans. 
Three-dimensional  fiducial  matching  experiments  in  sino¬ 
gram  space  were  also  carried  out.  The  main  advantages  of 
the  proposed  technique  in  comparison  to  conventional  ap- 
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proach  lies  in  that  it  allows  us  to  avoid  any  possible  adverse 
effect  of  image  reconstruction  (such  as  the  metal  artifact  or 
other  types  of  reconstruction  artifacts).  A  direct  3D  sinogram 
transformation  relating  two  arbitrary  object  motions  is  desir¬ 
able  to  provide  a  complete  solution  for  sinogram-based  reg¬ 
istration. 


<fir+  <Pr~  9/  + 

sin  <pr=  sin  <pf-  —  sin  (<f>f+  <pf-  0)  +  tan  e  sin  ( 4>f 

r  K  r  K 
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APPENDIX:  3D  SINOGRAM  TRANSFORMATION 
FOR  SMALL  PITCH  AND  YAW  MOTION 


An  arbitrary  3D  motion  includes  independent  3D  rota¬ 
tions  and  translations.  The  3D  rotations  can  be  expressed  as 
roll  about  the  axial/longitudinal  axis  (z)  for  angle  a  [Rz(<x)], 
pitch  around  the  x  axis  for  angle  s  [Rx(s)],  and  yaw  around 
the  y  axis  for  angle  y  [Ry(y)].  3D  translation  becomes 
M(r,/3,Az). 

Similar  to  the  approximations  made  by  Lu  et  al.,11  for  a 
small  pitch  and  yaw  angle  (<10  deg),  the  3D  motion  moves 


a  point  (xr,yr,zr)  to  (xf,yf,zf): 


t, 


Rx(s)Rjy)Rz(a)\yr  I  =  Rz(a) 
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(A2a) 


xt  =  xr  cos  a  +  yr  sin  a  +  zr  tan  e  +  r  cos  (3, 


yt  =  -  xr  sin  a  +  yr  cos  a  +  zr  tan  y  +  r  sin  f3, 

z*  =  zr  +  Az.  (A2b) 

For  a  parallel  beam  sampling  geometry,  we  have 

roc  roo  roc 

Rlf](0/,Sf,£f)=  I  I  I  f (xf,yf,Zf)S(xf  sin  6f 

J  —00  J  —00  J  —00 

-yf  COS  Of-  Sf)S(zf-  (f)  dxfdyfdzf. 

(A3) 

The  x-ray  path  will  be  the  same  for  two  projections  satisfy¬ 
ing  the  following  equations: 

0r—  Of  +  OL , 


sr  —  Sf—v  sin  (Of  —  0)  +  zr  tan  s  sin  Of  +  zr  tan  y  cos  Of, 

zr  =  Z/-Az.  (A4) 

For  a  fan  beam  scan,  similar  sinogram  transformation  for  3D 
motion  could  be  deduced: 


zr  =  Z/-Az.  (A5) 
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Abstract.  An  image  registration  technique  is  presented  for  the  registration 
of  medical  images  using  a  hybrid  combination  of  coarse-scale  landmark  and 
B-splines  deformable  registration  techniques.  The  technique  is  particularly  ef¬ 
fective  for  registration  problems  in  which  the  images  to  be  registered  contain 
large  localized  deformations.  A  brief  overview  of  landmark  and  deformable  reg¬ 
istration  techniques  is  presented.  The  hierarchical  multiscale  image  decompo¬ 
sition  of  E.  Tadmor,  S.  Nezzar,  and  L.  Vese,  A  multiscale  image  representation 
using  hierarchical  (BV,  L2)  decompositions ,  Multiscale  Modeling  and  Simula¬ 
tions,  vol.  2,  no.  4,  pp.  554-579,  2004,  is  reviewed,  and  an  image  registration 
algorithm  is  developed  based  on  combining  the  multiscale  decomposition  with 
landmark  and  deformable  techniques.  Successful  registration  of  medical  im¬ 
ages  is  achieved  by  first  obtaining  a  hierarchical  multiscale  decomposition  of 
the  images  and  then  using  landmark-based  registration  to  register  the  resulting 
coarse  scales.  Corresponding  bony  structure  landmarks  are  easily  identified  in 
the  coarse  scales,  which  contain  only  the  large  shapes  and  main  features  of  the 
image.  This  registration  is  then  fine  tuned  by  using  the  resulting  transforma¬ 
tion  as  the  starting  point  to  deformably  register  the  original  images  with  each 
other  using  an  iterated  multiscale  B-splines  deformable  registration  technique. 

The  accuracy  and  efficiency  of  the  hybrid  technique  is  demonstrated  with  sev¬ 
eral  image  registration  case  studies  in  two  and  three  dimensions.  Additionally, 
the  hybrid  technique  is  shown  to  be  very  robust  with  respect  to  the  location 
of  landmarks  and  presence  of  noise. 

1.  Introduction.  Image  registration  is  the  process  of  determining  the  optimal  spa¬ 
tial  transformation  that  brings  two  images  into  alignment  with  each  other.  Image 
registration  is  necessary,  for  example,  when  images  of  the  same  object  are  taken  at 
different  times,  from  different  imaging  devices,  or  from  different  perspectives.  The 
two  images  to  be  registered,  called  the  fixed  and  moving  images,  are  the  input  to 
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Key  words  and  phrases,  deformable  image  registration,  multiscale  analysis,  CT,  4DCT,  land¬ 
mark  registration,  noise. 


711 


Development  of  a  QA  phantom  and  automated  analysis  tool  for  geometric 
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The  medical  linear  accelerator  (linac)  integrated  with  a  kilo  voltage  (kV)  flat-panel  imager  has  been 
emerging  as  an  important  piece  of  equipment  for  image-guided  radiation  therapy.  Due  to  the 
sagging  of  the  linac  head  and  the  flexing  of  the  robotic  arms  that  mount  the  x-ray  tube  and  flat-panel 
detector,  geometric  nonidealities  generally  exist  in  the  imaging  geometry  no  matter  whether  it  is  for 
the  two-dimensional  projection  image  or  three-dimensional  cone-beam  computed  tomography.  Nor¬ 
mally,  the  geometric  parameters  are  established  during  the  commissioning  and  incorporated  in 
correction  software  in  respective  image  formation  or  reconstruction.  A  prudent  use  of  an  on-board 
imaging  system  necessitates  a  routine  surveillance  of  the  geometric  accuracy  of  the  system  like  the 
position  of  the  x-ray  source,  imager  position  and  orientation,  isocenter,  rotation  trajectory,  and 
source-to-imager  distance.  Here  we  describe  a  purposely  built  phantom  and  a  data  analysis  software 
for  monitoring  these  important  parameters  of  the  system  in  an  efficient  and  automated  way.  The 
developed  tool  works  equally  well  for  the  megavoltage  (MV)  electronic  portal  imaging  device  and 
hence  allows  us  to  measure  the  coincidence  of  the  isocenters  of  the  MV  and  kV  beams  of  the  linac. 

This  QA  tool  can  detect  an  angular  uncertainty  of  0.1°  of  the  x-ray  source.  For  spatial  uncertainties, 
such  as  the  source  position,  the  imager  position,  or  the  kV/MV  isocenter  misalignment,  the  dem¬ 
onstrated  accuracy  of  this  tool  was  better  than  1.6  mm.  The  developed  tool  provides  us  with  a 
simple,  robust,  and  objective  way  to  probe  and  monitor  the  geometric  status  of  an  imaging  system 
in  a  fully  automatic  process  and  facilitate  routine  QA  workflow  in  a  clinic.  ©  2008  American 
Association  of  Physicists  in  Medicine.  [DOI:  10.1118/1.2885719] 


I.  INTRODUCTION 

The  integration  of  on-board  kilo  voltage  (kV)  flat-panel  im¬ 
ager  to  a  medical  linear  accelerator  has  recently  been  real¬ 
ized  by  linac  vendors1-4  for  image-guided  radiation  therapy 
(IGRT).  These  on-board  imagers  are  mounted  on  robotic 
arms  with  an  axis  orthogonal  to  the  megavoltage  beam.5  An 
on-board  imager  offers  three  modes  of  acquisitions  namely: 
(1)  Two-dimensional  (2D)  planar  projection  image  (radio- 
graphic  acquisition);  (2)  2D  planar  fluoroscopic  image  (fluo¬ 
roscopic  acquisition);  and  (3)  three-dimensional  (3D)  cone- 
beam  computed  tomography  (CBCT).  The  radiographic 
acquisition  is  used  for  2D-2D  matching  with  the  digital  re¬ 
constructed  radiograph  (DRR)  for  setup  verification  based  on 
the  bony  landmarks  or  implanted  fiducials.1,6  The  fluoro¬ 
scopic  acquisition  is  employed  for  verifying  the  gating 
threshold  or  target  position  prior  to  a  respiratory-gated 
treatment.7  The  CBCT  is  used  for  3D-3D  matching  with  the 
planning  CT  for  setup  verification.  The  geometric  infor¬ 
mation  of  a  patient  derived  from  any  of  these  modes  relies  on 
the  configuration  of  the  imager  geometry,  such  as  the  posi¬ 
tion  of  the  x-ray  source,  imager  position  and  orientation, 
isocenter,  and  focus-to-imager  distance.  The  functionality  of 
the  system  depends  heavily  on  the  mechanical  integrity  and 
stability  of  the  imaging  device  (the  x-ray  tube,  imager  and 
robotic  arms)  and  the  linac  (on  which  the  imaging  system  is 
mounted)  at  various  gantry  angles.  This  is  particularly  cru¬ 
cial  for  the  flat-panel  based  CBCT  that  is  mounted  on  an 
already  laden  gantry  of  a  linac.  The  gantry  sagging,  together 


with  the  flexing  of  the  imaging  system,  results  in  geometric 
nonidealities  during  the  gantry  rotation  in  CBCT 
acquisition.10,12  The  accurate  reconstruction  of  transaxial 
slices  of  a  3D  object  from  a  set  of  2D  projections  requires  the 
x-ray  source  position  and  the  detector  orientation  to  be 
known  precisely  in  3D  space  in  the  rotation  trajectory  during 
the  CBCT  reconstruction.10,13-15  These  geometric  parameters 
are  generally  established  through  a  geometrical  calibration 
process  done  during  the  commissioning  of  the  new  machine 
and  incorporated  in  image  formation  or  reconstruction  for 
correction.10,16  A  prudent  use  of  an  on-board  imaging  system 
necessitates  a  routine  surveillance  of  geometric  accuracy  of 
the  system.  This  echoes  to  what  Yoo  et  al.  have  pointed  out 
that  the  most  crucial  part  of  a  comprehensive  QA  program  on 
an  on-board  imager  would  be  those  tests  monitoring  the  geo¬ 
metric  accuracy  and  stability  of  the  imaging  system.  The 
recommendation  by  Yoo  et  al.11  on  these  tests  is  based  on 
imaging  a  small  cube  phantom  embedded  with  a  central  fi¬ 
ducial  at  orthogonal  gantry  angles  and  manually  measuring 
the  discrepancy  between  the  recorded  position  of  the  fiducial 
and  the  digital  graticule.  This  method  is  straightforward  yet 
subjective  due  to  the  manual  measurement.  Furthermore,  it  is 
unable  to  give  a  full  picture  of  the  geometric  status  of  the 
imaging  system. 

In  research  involving  micro-CBCT,  several  geometric 
phantoms  and  associated  analysis  software  have  been  devel¬ 
oped  for  the  geometric  calibration  and  QA. 14,18  A  modifica¬ 
tion  and  an  extension  of  its  methodology  might  be  warranted 
for  the  geometric  QA  of  the  on-board  imaging  system.  Stud- 
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ies  have  also  reported  on  the  use  of  projection  images  of 
simple  phantoms  embedded  with  multiple  fiducials  to  esti¬ 
mate  the  geometric  parameters  of  the  on-board  imaging 
system,12,19  however  the  geometric  parameters  that  can  be 
estimated  implicitly  from  the  projection  images  have  not 
been  fully  extracted  due  to  the  limitations  in  the  design  of  the 
phantoms  or  associated  data  analysis  software. 

The  purpose  of  the  present  work  is  to  design  a  geometric 
QA  phantom  and  develop  an  automated  data  analysis  soft¬ 
ware  to  assess  the  geometric  accuracy  of  an  on-board  imager, 
including  the  x-ray  source  position,  the  detector  position  and 
orientation,  the  isocenter,  the  rotation  trajectory,  and  the 
source-to-imager  distance  (SID),  from  the  projection  images 
of  the  phantom.  The  developed  phantom  and  analysis  soft¬ 
ware  apply  equally  well  to  the  geometric  QA  of  the  MV 
electronic  portal  imaging  device  (EPID),  and  allow  us  to 
measure  the  coincidence  of  the  isocenters  of  the  MV  and  kV 
beams,  which  is  an  important  parameter  in  ensuring  that  the 
treatment  beam  is  targeting  to  where  the  imaging  is  guiding. 
The  geometric  QA  procedure  using  this  phantom,  together 
with  the  automation  of  the  data  analysis,  greatly  facilitates 
the  QA  workflow  and  eliminates  the  subjectivity  incurred  in 
the  manual  measurement  and  result  interpretation. 


II.  METHODS  AND  MATERIALS 
II.A.  Phantom  design 

An  in-house  software  developed  with  the  MatLab  (Math- 
Works,  Inc.,  Natick,  MA)  was  used  to  simulate  the  projection 
image  of  an  object  with  designated  imaging  geometry  de¬ 
fined  by  the  position  of  the  source,  position  and  orientation 
of  the  imager,  and  source-to-imager  distance  at  any  gantry 
angle.  Virtual  cubic  phantoms  (instead  of  physical  phantoms) 
of  various  dimensions  from  10  to  25  cm  with  9,  13,  17  fidu¬ 
cials  arranged  in  a  helical  trajectory  at  the  surfaces  were 
designed.  These  virtual  phantoms  served  as  inputs  into  the 
simulation  program  to  simulate  the  projection  images  ob¬ 
tained  at  different  gantry  angles.  The  helical  arrangement  of 
the  fiducials  was  chosen  because  it  gave  a  good  distribution 
of  the  fiducials  in  3D  space  and  offered  the  least  superposi¬ 
tion  of  the  fiducials  in  the  projection  images  obtained  from 
different  gantry  angles  for  easy  detection  and  identification. 
Nonuniform  helical  increments  (pitches)  along  the  helical 
axis  were  used  to  further  spare  the  fiducial  projections. 

Simulated  projection  images  were  created  for  each  virtual 
phantom  at  every  30°  of  gantry  angles.  The  phantom  design, 
including  the  size  and  fiducial  locations,  was  determined  by 
maximizing  the  detection  efficiency  and  sensitivity  of  fidu¬ 
cials  to  a  change  in  imaging  geometry.  Based  on  the  findings 
from  the  simulation,  a  cubic  phantom  measuring  18X18 
X  18  cm3  with  13  steel  ball  bearings  (BBs)  of  diameter 
4.76  mm  was  fabricated.  The  BBs  were  embedded  in  the 
surface  of  the  phantom  in  a  skewed  helical  trajectory  as 
shown  in  Fig.  1.  The  outside  surface  of  every  BB  was  tan¬ 
gential  to  the  surface  of  the  phantom  ensuring  that  all  BBs 
were  protected  from  possible  displacement  or  wearing  during 
setup  or  handling.  Orthogonal  lines  were  scribed  on  the  sur- 
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Fig.  1.  The  gQA  phantom  with  13  steel  ball  bearings  (BBs)  mounted  on  the 
surfaces  in  a  skewed  helical  trajectory. 


faces  of  the  phantom  to  indicate  the  center  of  the  cube  at  the 
intersection  of  these  lines.  This  phantom  was  termed  as  gQA 
phantom  hereafter  for  easy  reference. 

II. B.  Reference  coordinate  system 

To  describe  the  geometry  of  the  imaging  system,  a  Carte¬ 
sian  phantom  coordinate  system  was  introduced.  This  coor¬ 
dinate  system  is  attached  to  the  phantom  and  aligned  in 
space  to  an  ideal  linac  with  a  rotating  gantry.  The  z  axis  is 
along  the  rotation  axis  of  the  gantry,  the  x  axis  is  horizontal, 
and  y  axis  is  vertical  [Fig.  2(a)].  The  origin  is  referred  to  the 
intersection  of  the  laser  alignments. 

For  a  gantry  angle  </>  (which  also  indicates  the  x-ray 
source  angle),  the  position  of  the  x-ray  source  (R,<fi,z)  is 
conveniently  defined  in  a  phantom  fixed  cylindrical  coordi¬ 
nate  which  has  the  same  origin  and  z  axis  of  the  phantom 
coordinate  system,  where  R  is  the  radius  of  the  source  rota¬ 
tion  circle  or  the  source-to-axis  distance  (SAD).  A  fiducial  at 
(r,  9, Zb)  is  projected  on  the  imager  (u,v)  [Fig.  2(b)]  with 

-  Fr  cos(0 -  (f>) 

R  +  r  sin(  9-  </>)’ 


Fig.  2.  Schematic  representation  of  the  phantom  coordinate  system  (a),  and 
the  position  of  the  x-ray  source  and  a  fiducial  in  the  cylindrical  coordinate 
system  (b). 
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Fig.  3.  Schematic  diagram  showing  the  tilting  of  the  imager.  The  imager 
(uv  plane)  tilts  along  an  imaginary  axis  p  (a)  and  the  tilting  angle  is  defined 
as  (3  (b). 


END 


Fig.  4.  Flow  chart  showing  the  algorithm  of  the  analysis  software. 


Hzb-z)  ,„v 

"  =  «77sin(9^)  •  (2) 

where  (u,u)  defines  an  imager  fixed  coordinate  system 
which  rotates  with  the  gantry.  The  imager  center  is  the  origin 
of  the  uv  plane.  The  focal  distance  (F)  is  the  SID.  Details  on 
how  to  derive  Eqs.  (1)  and  (2)  are  summarized  in  Appendix 
A.  Considering  the  variations  (A<p,  A R,  A F,  A u,  and  Av)  of 
the  geometric  parameters  (</>,  R,  F,  u,  and  v),  the  projections 
become 

-(F+AF)rcos[0-(<£+A<£)] 

“  +  A“-  (R  +  AR)  +  rsin[6-((f>+A(f>)Y  3 


V  +  Av  = 


(F  +  AF)(zB-z) 

(R  +  AR)  +  r  sin[# -  +  A<p)] 


(4) 


Assuming  that  the  imager  might  be  tilted  along  an  imagi¬ 
nary  axis  p ,  which  is  at  an  angle  a  with  u  axis,  the  imaginary 
axes  are  defined  as  p  and  q,  respectively,  on  the  uv  plane  as 
shown  in  Fig.  3(a).  The  transformation  between  coordinates 
( p,q )  and  ( u,v )  is 


(p  \  _  (  cos  {a)  sin(a)  \  lu  \ 

\qj  \-sin(a)  cos  (a)/\v) 

Further  taking  the  tilted  angle  0  into  consideration  [Fig. 
3(b)],  a  new  axis  q'  is  defined  accordingly  with 


q'  =  \\  +  ^!5+\p2 


(6) 


In  obtaining  the  above  equation,  it  was  assumed  that  the 
tilting  angle  is  small  (<15°).  Please  refer  to  Appendix  B  for 
the  derivation  of  Eq.  (6). 

It  follows  that  the  new  projected  coordinates  (w/,u7)  of  the 
fiducial  on  a  tilted  imager  are 


/  «/ 


/  cos(a)  -  sin  (a)  \  (  p 
\sin(a)  cos(a)  )\q' 


+ 1 — + — 
,F  2 


-  sin(a) 
cos  (a) 


(7) 


II. C.  Automated  analysis  software 


From  a  projected  image  of  the  fiducials  at  a  given  gantry 
angle,  eight  geometric  parameters  could  be  quantitatively 
evaluated.  These  are:  (1)  Three  parameters  for  the  x-ray 
source  position,  namely  the  deviation  of  the  gantry  angle 
(A  </>),  the  deviation  of  rotation  radius  (A R),  and  the  deviation 
from  the  rotation  plane  (Az);  (2)  three  parameters  for  the 
position  of  the  imager  center,  namely  the  deviation  of  the 
focal  distance  (AF),  and  the  two  translational  offsets  (A u  and 
Au)  in  the  uv  plane;  (3)  two  angular  parameters  (a  and  0) 
for  the  imager  orientation. 

An  analysis  software  in  C  language  was  developed  to  es¬ 
timate  the  eight  parameters  at  any  given  gantry  angle  by 
comparing  the  measured  and  simulated  BB  locations  in  an 
iterative  manner.  The  newly  adjusted  geometric  parameters 
for  the  simulated  BB  location  served  as  the  inputs  for  the 
iteration  (Fig.  4).  The  analysis  software  first  identified  and 
measured  the  BB  locations  (u,v)  from  the  projection  image 
in  the  presence  of  random  background  noise  by  intensity 
weighted  averaging  using 


u  =  — - 

2;/,. 

-  2, -i 

V  2,./, 


(8) 


20 

where  It  was  the  signal  intensity  of  the  pixel  number  i.  The 
software  then  determined  the  geometric  parameters  by  mini¬ 
mizing  the  difference  between  the  BBs  measured  and  simu¬ 
lated  locations  from  the  simulation  results  based  on  Eqs. 
(3)-(7).  For  this  purpose,  the  distance  between  the  positions 
of  the  measured  BB  and  its  corresponding  simulated  BB  was 
computed.  The  summation  of  these  distances  for  all  the  BBs 
was  used  as  the  converging  criterion  for  the  optimization 
process.  A  hybrid  optimization  algorithm  was  adopted  for 
this  eight-parameter  nonlinear  optimization  problem.  Ex¬ 
haustive  search  was  applied  first  and  possible  solutions  were 
compared  in  order  to  find  the  best  1000  seeds  of  parameter 
combinations  for  the  simulated  annealing  algorithm  to  start 
with.  Each  step  of  the  simulated  annealing  algorithm  re¬ 
placed  the  current  solution  by  a  random  “nearby”  solution 
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Fig.  5.  Typical  optimization  converging  curves. 


chosen  with  a  probability  that  depends  on  the  difference  be¬ 
tween  the  corresponding  function  value  and  a  global  param¬ 
eter  (called  the  annealing  temperature).21-24  The  annealing 
temperature  gradually  decreased  during  the  process.  Finally 
the  progress  converged  to  the  best  estimate  of  the  geometric 
parameters.  Figure  5  illustrates  several  converging  curves 
during  the  simulated  annealing  processes  in  analyzing  a  typi¬ 
cal  projection.  This  tool  took  about  half  a  minute  to  analyze 
one  projection  image  on  a  personal  computer  (DELL  Preci¬ 
sion  470  Workstation,  3.4  GHz  CPU  and  4  GB  RAM).  Typi¬ 
cally,  the  sum  of  square  distance  differences  converged  to 
about  2.5  mm2.  The  average  discrepancy  for  one  fiducial  was 
about  0.44  mm  (=V2.5/ 13),  which  was  around  the  size  of  an 
imager  pixel. 

II. D.  Experimental  evaluation 

The  developed  gQA  phantom  and  the  automated  analysis 
software  (collectively  called  the  gQA  tool)  were  tested  on  a 
Varian  Trilogy  linac  (Varian  Medical  Systems,  Palo  Alto, 
CA).  The  Trilogy  is  equipped  with  two  image  acquisition 
systems  (IAS3):  (1)  MV  EPID  and  (2)  kV  on-board  imaging 
system  (OBI).  Both  systems  have  a  flat-panel  detector  with  a 
matrix  dimension  of  1024X768.  The  physical  pixel  sizes  of 
the  MV  and  kV  imagers  are  0.392  and  0.388  mm,  respec¬ 
tively.  The  Trilogy  is  routinely  maintained,  and  all  the  oper¬ 
ating  parameters  are  monitored  and  assured  through  a  com¬ 
prehensive  QA  program  as  suggested  by  TG  40.25  The  center 
of  the  gQA  phantom  was  positioned  at  the  nominal  treatment 
isocenter  as  indicated  by  the  room  lasers.  The  relationship 
between  the  intersection  of  the  room  lasers  and  the  mechanic 
isocenter  of  the  linac  was  assumed  to  be  maintained  and 
calibrated  in  accordance  with  the  routine  QA  practice.25 

II.D.1.  Reproducibility  of  the  analysis 
results 

Projection  images  were  acquired  for  MV  EPID  at  a  gantry 
angle  of  0°  (Varian  convention)  and  at  a  SID  of  1500  mm, 
the  values  were  nominal.  To  ensure  the  gQA  tool  functions 


properly  in  the  worst-case  scenario,  the  MV  EPID  was  cho¬ 
sen  here  because  the  image  quality  of  the  MV  acquisition 
was  relatively  inferior  compared  to  that  of  the  kV  OBI.  A 
6  MV  beam  and  25  monitor  units  were  used.  The  field  size 
was  26  X  20  cm2.  Twenty-one  projections,  1  min  apart,  were 
made  with  the  same  imaging  geometry  and  fed  into  the 
analysis  software  tool  to  estimate  the  geometric  parameters 
of  the  imaging  system.  Although  the  21  projection  images 
were  acquired  under  the  same  condition,  they  were  associ¬ 
ated  with  different  random  background  noise.  The  purpose  of 
this  evaluation  was  to  assess  the  reproducibility  of  the  analy¬ 
sis  results  under  different  noisy  environments. 

HD. 2.  Minimum  detectable  change  in  gantry  angle 

With  the  same  setup,  four  projection  images  at  nominal 
gantry  angles  of  0°,  0.1°,  0.2°,  and  0.5°  were  taken.  The 
projection  images  at  nominal  gantry  angles  of  0.1°,  0.2°,  and 
0.5°  were  subtracted  from  the  one  of  0°  gantry  angle  to  show 
the  difference  between  the  projection  images  made  at  slightly 
different  angles.  The  purpose  of  this  evaluation  was  to  dem¬ 
onstrate  the  minimum  change  in  gantry  angle  that  could  be 
detected  from  the  projection  image  of  the  BBs. 

II.D.3.  Gantry  angle  offset 

Further  projection  images  were  taken  at  nominal  gantry 
angles  of  0°,  ±0.1°,  ±0.2°,  ±0.3°,  ±0.5°,  and  ±1.0°.  This 
narrow  range  of  gantry  angle  was  chosen  because  an  offset 
would  affect  a  small  gantry  angle  more  than  a  large  one. 
These  images  were  then  analyzed.  The  discrepancies  be¬ 
tween  the  nominal  and  estimated  gantry  angles  were  then 
compared  in  order  to  determine  the  gantry  angle  offset. 

II.D.4.  SID  offset 

Projection  images  were  further  acquired  for  MV  EPID  at 
a  gantry  angle  of  180°  but  at  different  nominal  SID  of  1300, 
1400,  1500,  1550,  and  1600  mm.  The  best  estimate  of  the 
SID  was  found  by  the  analysis  software.  The  discrepancies 
between  the  nominal  and  estimated  SID  were  then  compared 
in  order  to  determine  the  SID  offset. 

II.D.5.  Imager  center  offset 

With  the  SID  reset  to  1500  mm,  projection  images  were 
acquired  with  the  imager  center  at  (0,  0)  and  offset  to  (20, 
20),  (20,-20),  (-20,-20),  and  (-20,20)  mm  in  the  uv 
plane.  The  best  estimate  of  the  detector  shift  was  found  by 
the  analysis  software.  The  discrepancies  between  the  actual 
and  estimated  offsets  with  and  without  systematic  drift  cor¬ 
rection  were  then  compared  in  order  to  determine  the  imager 
center  offset. 

II.D.6.  Phantom  positional  shift 

With  the  imager  center  reset  to  the  origin,  the  gQA  phan¬ 
tom  was  displaced  -5.0  mm  in  each  of  the  x,  y,  and  z  direc¬ 
tions  simultaneously.  This  was  to  mimic  a  condition  where 
there  were  spatial  drifts  in  the  imaging  geometry 
(AR,  Az, AE, Aw,  Au)  in  3D  space.  When  the  phantom  posi- 
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Fig.  6.  Schematic  diagram  showing  a  best  fitted  rotation  circle  that  has  the 
shortest  distances  (the  least  sum  distance  square)  from  all  the  estimated 
x-ray  sources  in  3D  space.  The  center  of  this  circle  is  taken  as  the  isocenter 
of  the  gantry  rotation. 

tion  was  shifted,  the  whole  imaging  system,  including  the 
source  and  imager  position,  was  shifted  in  the  opposite  di¬ 
rection  from  the  phantom’s  point  of  view.  Projection  images 
were  then  acquired  at  a  SID  of  1500  mm  with  gantry  angles 
at  0°,  90°,  180°,  and  270°.  The  same  set  of  projection  images 
was  repeated  with  the  phantom  displaced  5.0  mm  in  the 
x,y,z  direction  and  10.0  mm  in  the  same  direction  as  well. 
The  geometric  parameters  corresponding  to  these  changes 
were  estimated  by  the  analysis  software.  The  purpose  of  this 
evaluation  was  to  demonstrate  the  accuracy  of  the  gQA  tool 
in  detecting  the  variations  in  the  imaging  geometry. 

ll.D.7.  Coincidence  of  the  isocenters  for  the  MV  and 
kV  beams 

The  center  of  the  gQA  phantom  was  repositioned  at  the 
nominal  treatment  isocenter  as  indicated  by  the  room  lasers. 
Projection  images  were  acquired  for  MV  EPID  at  every  10° 
of  gantry  angle  for  360°  and  at  a  SID  of  1500  mm  resulting 
in  36  projection  images  in  total.  Projection  images  were  also 
acquired  for  the  OBI  at  every  0.56°  of  gantry  angle  for  360° 
and  at  a  SID  of  1500  mm  resulting  in  640  projection  images 
in  total  (i.e.  CBCT  acquisition  mode).  The  exposure  factors 
were  125  kVp,  2  mAs,  and  the  field  size  was  26  X  20  cm2  for 
the  OBI  projection  image.  The  eight  geometric  parameters 
for  each  series  of  projected  images  were  estimated  and  the 


variation  of  each  parameter  for  the  full  gantry  rotation  was 
examined.  For  each  series  of  data,  a  best-fitted  rotation  circle 
was  found  such  that  it  had  the  shortest  distances  (the  least 
sum  distance  square)  from  all  estimated  x-ray  sources  in  3D 
space.  The  direction  of  the  rotation  circle  was  denoted  by  the 
unit  vectors  ( i,j,k ),  and  its  radius  (SAD)  was  calculated.  The 
rotation  circle  was  taken  as  the  rotation  trajectory  of  the  im¬ 
aging  system  and  its  center  as  the  isocenter  (Fig.  6).  The 
isocenters  for  the  MV  and  kV  beams  were  then  found  and 
compared. 


II. D.8.  Relationship  among  various  geometric 
parameters 

A  change  in  one  geometric  parameter,  for  instance,  the 
gantry  angle,  might  affect  other  parameters  of  the  imaging 
system  as  the  whole  imaging  assembly  is  mounted  on  a  laden 
gantry  and  robotic  arms.  There  might  be  a  subtle  relationship 
between  these  parameters  depending  on  the  actual  configu¬ 
ration  and  position  of  the  imaging  system.  We  studied  this 
issue  by  scrutinizing  the  data  obtained  in  Sec.  II D  7  in 
which  the  projection  images  were  acquired  at  different  gan¬ 
try  angles.  The  aim  was  to  see  the  changes  in  other  param¬ 
eters  brought  by  the  change  in  the  gantry  angle.  We  limited 
the  studied  range  to  be  in  ±45°  because,  beyond  this  range, 
the  sagging  of  the  gantry  might  overwhelm  the  subtle  rela¬ 
tionship  amongst  the  different  parameters.  Furthermore,  we 
studied  the  changes  in  parameters  brought  about  by  the  spe¬ 
cific  parameter  we  varied  in  other  evaluations  such  as  in  SID 
offset  and  imager  off  center  (Secs.  II D  4  and  II  D  5).  All  the 
results  were  compiled  in  a  table  to  show  the  changes. 

III.  RESULTS 

III.A.  Reproducibility  of  the  analysis  results 

Table  I  shows  the  variations  of  each  of  the  eight  geomet¬ 
ric  parameters  of  the  MV  imaging  system  for  the  21  projec¬ 
tion  images  with  different  background  noise.  The  small  stan¬ 
dard  deviation  of  each  estimated  geometric  parameter 
indicated  a  good  agreement  of  the  data  and  the  analysis  re¬ 
sults  were  highly  reproducible.  The  imager  center  offset 
(Au,Av)  was  up  to  (-0.63  mm,  1.67  mm),  which  was  due  to 
a  systematic  drift  of  the  MV  imager. 


Table  I.  The  variations  of  each  of  the  eight  geometric  parameters  of  the  imaging  system  for  the  21  projection  images  with  different  background  noise.  A cf), 
A R,  and  Az  are  the  deviations  of  the  gantry  angle,  rotation  radius  and  deviation  from  the  rotation  plane,  respectively.  A F,  A u,  and  Av  are  the  deviations  of 
the  source-to-detector  distance,  and  the  two  translational  offsets  of  the  detector  in  the  uv  plane,  respectively;  a  and  (3  describe  the  orientation  of  the  imager. 


A  </> 

(°) 

A  R 
(mm) 

Az 

(mm) 

A  F 
(mm) 

Am 

(mm) 

Au 

(mm) 

a 

(°) 

(3 

(°) 

Min. 

-0.39 

-0.69 

0.03 

-0.48 

-0.65 

1.63 

-0.28 

-1.00 

Max. 

-0.35 

-0.52 

0.10 

-0.24 

-0.61 

1.71 

-0.11 

-0.92 

Mean 

-0.37 

-0.59 

0.06 

-0.37 

-0.63 

1.67 

-0.22 

-0.98 

SD 

0.01 

0.04 

0.02 

0.06 

0.01 

0.02 

0.05 

0.02 

Medical  Physics,  Vol.  35,  No.  4,  April  2008 


1502 


Mao,  Lee,  and  Xing:  Geometric  QA  tool 


1502 


Fig.  7.  (a)  The  projection  image  of  the  gQA  phantom  at  gantry  angle  0°. 
(b)-(d)  show  the  image  subtractions  of  the  projection  images  at  gantry 
angles  0.1°,  0.2°,  and  0.5°  from  that  at  gantry  angle  0°,  respectively. 


Fig.  9.  The  correlation  of  the  nominal  and  estimated  source-to-imager  dis¬ 
tance  (SID)  at  a  gantry  angle  of  180°. 


III.B.  Minimum  detectable  change  in  gantry  angle 

Figure  7(a)  shows  the  projection  image  at  gantry  angle  0°. 
Figures  7(b)-7(d)  show  the  image  subtractions  of  the  projec¬ 
tion  images  at  the  gantry  angles  0.1°,  0.2°,  and  0.5°  from  that 
at  0°,  respectively.  From  the  subtraction  images,  9  out  of  13 
BBs’  locations  showed  residual  values  indicating  that  4  BBs 
were  not  differentiated  by  the  projections  made  with  small 
gantry  angle  changes  and  were  totally  subtracted  out.  In 
other  words,  there  still  remained  9  BBs  that  were  “sensitive” 
enough  to  show  the  gantry  change  down  to  0.1°. 

III.C.  Gantry  angle  offset 

Figure  8  depicts  the  correlation  of  the  nominal  and  esti¬ 
mated  gantry  angles  in  the  range  of  ±1°.  The  coefficient  of 
determination  ( R 2)  of  1.00  shows  a  very  good  correlation 
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Fig.  8.  The  correlation  of  the  nominal  and  estimated  gantry  angles  in  the 
range  of  ±1°. 


between  the  two  angles.  From  the  regression  line,  a  residual 
angle  offset  of  0.37°  is  evident  for  the  nominal  value  of  the 
gantry  angle  in  the  range  studied. 

III.D.  SID  offset 

Figure  9  shows  the  correlation  of  the  nominal  and  esti¬ 
mated  SID  in  the  range  of  1300-1600  mm.  The  R 2  of  1.00 
shows  an  almost  perfect  linearity  between  nominal  and  esti¬ 
mated  SID.  The  regression  line  indicates  that  there  is  a  con¬ 
sistent  offset  of  1.48  mm  to  the  nominal  SID  in  the  range 
studied. 


III.E.  Imager  center  offset 

Figure  10  shows  the  actual  and  estimated  offset  positions 
of  the  MV  imager  center  on  the  ( u,v )  imager  coordinate 
plane.  A  systematic  drift  of  the  detector  was  noted  as  ob¬ 
served  in  the  previous  evaluation  II.D.l.  If  this  systematic 
drift  was  corrected,  the  net  estimated  offset  positions  of  the 
imager  were  close  to  the  actual  offsets  within  ±  1  mm. 

III.F.  Phantom  positional  shift 

Table  II  lists  the  estimated  relative  shifts  of  the  imaging 
geometry  for  the  displaced  phantoms  with  different  magni¬ 
tudes  of  displacement  at  the  four  principal  orthogonal  gantry 
angles.  Depending  on  the  gantry  angle,  A R,  A z,  A F,  A u,  and 
Au  reflected  the  displacement  of  the  phantom  in  each  of  the 
x,y9z  directions.  The  signs  of  the  variations  depend  on  the 
relative  position  between  the  phantom  and  the  imaging  sys¬ 
tem  governed  by  the  gantry  angle.  The  maximum  discrep¬ 
ancy  between  the  actual  and  estimated  shift  was  less  than 
1.6  mm  (1.6=|10-8.4|),  which  came  from  the  differences 
between  phantom  shift  of  10  mm  and  the  estimated  A R. 
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Fig.  10.  The  estimated  shift  (♦)  and  estimated  shift  after  the  correction  of 
the  systematic  drift  (■)  compared  to  the  actual  offset  of  imager  center  (O) 
on  the  ( u,v )  imager  coordinate  plane. 


III.G.  Coincidence  of  the  isocenters  for  the  MV  and  kV 
beams 

Table  III  lists  the  variation  of  each  of  the  eight  geometric 
parameters  estimated  for  the  MV  EPID  and  kV  OBI  for  a 
complete  gantry  rotation.  The  standard  deviation  of  each  es¬ 
timated  geometric  parameter  for  the  MV  EPID  and  kV  OBI 
were  small  indicating  a  good  agreement  of  the  same  geomet¬ 
ric  parameter  at  different  gantry  angles.  The  orientations  of 
the  MV  and  kV  rotation  plane  were  found  to  be  (0.00010, 
0.00006,  1.00000)  and  (0.00030,  0.00001,  1.00000),  respec¬ 
tively.  The  estimated  isocenters  for  the  MV  and  kV  beams 
were  at  (-0.95,-0.84,-0.25)  mm  and  (-0.97,-1.21, 
-0.13)  mm  in  the  reference  coordinate.  The  coincidence  of 
the  two  isocenters  was  well  within  0.5  mm. 


Table  IV  lists  the  changes  of  geometric  parameters  of  the 
imaging  system  brought  about  by  the  specific  parameters 
varied  in  different  evaluations.  A  change  in  one  specific  pa¬ 
rameter  could,  to  a  certain  extent,  cause  changes  in  other 
parameters  depending  on  the  actual  configuration  or  the  po¬ 
sition  of  the  imaging  system,  however,  these  changes  were 
small  and  assumed  not  to  affect  the  results  of  the  experimen¬ 
tal  evaluations. 

IV.  DISCUSSION 

We  have  designed  a  geometric  QA  phantom  tailoring  to 
an  automated  analysis  to  successfully  estimate  the  geometric 
parameters  of  an  on-board  imaging  system  with  a  reasonable 
accuracy.  The  size  of  the  phantom  and  the  helical  arrange¬ 
ment  of  the  fiducials  on  the  surface  ensure  the  projected  po¬ 
sitions  of  the  fiducials  are  well  spaced  on  a  detector  area  at 
any  gantry  angle  for  easy  detection  and  identification.  In 
principle,  the  more  the  number  of  the  fiducials  is,  the  more 
information  that  can  be  extracted  for  estimating  the  geomet¬ 
ric  parameters,  but  there  will  be  higher  chances  of  superpo¬ 
sition  among  the  fiducial  projections.  There  is  a  trade-off 
between  the  number  of  fiducials  and  the  minimum  distance 
between  the  fiducial  projections.  Based  on  the  result  from  the 
evaluation  II.D.2,  we  concluded  that  13  BBs  were  adequate 
for  the  present  application  and  this  gQA  tool  can  detect  an 
angular  uncertainty  of  0.1°. 

Concerning  the  analysis  software,  the  direct  relationship 
between  the  2D  projected  position  of  a  fiducial  and  the  ide¬ 
alized  geometric  parameters  of  an  imaging  system  was  used 
in  an  optimal  manner  for  determining  the  geometric  param¬ 
eters.  Theoretically,  eight  equations  (from  four  fiducials’  2D 
projections)  might  be  enough  to  solve  this  type  of  eight- 
parameter  problem  in  a  perfect  mathematical  model.  In  real¬ 
ity,  the  system  is  not  perfect  and  several  imperfect  factors 
might  occur:  (1)  The  x-ray  source  is  not  a  real  geometry 


Table  II.  The  estimated  relative  drifts  of  the  imaging  geometry  for  the  displaced  phantoms  with  different  magnitudes  of  displacement  at  four  principal 
orthogonal  gantry  angles.  A R,  A z,  and  A F  are  the  deviation  of  the  rotation  radius,  deviation  from  the  rotation  plane  and  deviations  of  the  source-to-detector 
distance,  respectively.  A u  and  A u  are  the  two  translational  offsets  of  the  detector  in  the  uv  plane,  respectively. 


Phantom  shift 
(mm) 

Gantry  angle 

(°) 

A  R 
(mm) 

Az 

(mm) 

A  F 
(mm) 

Am 

(mm) 

An 

(mm) 

A* =—5.0 

0 

3.7 

-5.4 

-0.2 

4.6 

5.3 

Ay=-5.0 

90 

4.5 

-5.1 

0.0 

-3.9 

5.4 

Az=-5.0 

180 

-4.2 

-5.4 

-0.2 

-4.5 

5.3 

270 

-4.6 

-5.6 

0.1 

4.0 

5.2 

Ax=5.0 

0 

-5.6 

4.6 

0.0 

-4.6 

-4.8 

A;y=5.0 

90 

-4.5 

4.8 

0.0 

5.6 

-4.8 

Az=5.0 

180 

5.4 

4.8 

-0.2 

4.7 

-4.8 

270 

4.9 

4.7 

0.2 

-5.5 

-4.8 

Ax=10.0 

0 

-8.4 

9.7 

0.0 

-9.7 

-9.9 

A^=10.0 

90 

-9.2 

10.2 

0.2 

8.6 

-9.8 

Az=10.0 

180 

8.4 

10.4 

-0.3 

9.5 

-9.6 

270 

9.9 

8.9 

-0.4 

-8.4 

-10.4 
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Table  III.  The  variations  of  each  of  the  eight  geometric  parameters  of  the  MV/kV  imaging  systems  from  projections  acquired  through  a  complete  gantry 
rotation.  A cf>,  A R,  and  Az  are  the  deviations  of  the  gantry  angle,  rotation  radius  and  deviation  from  the  rotation  plane,  respectively.  A F,  A m,  and  A u  are  the 
deviations  of  the  focal  distance,  and  the  two  translational  offsets  of  the  detector  in  the  uv  plane,  respectively. 


\<p 

(°) 

A  R 
(mm) 

Az 

(mm) 

A  F 
(mm) 

Am 

(mm) 

An 

(mm) 

a 

(°) 

1 1 
(°) 

MV 

Min. 

-0.4 

-1.2 

-0.8 

-2.3 

-1.0 

1.3 

-0.3 

-1.4 

Max. 

0.0 

2.7 

0.1 

2.5 

-0.5 

2.2 

0.3 

-0.6 

Mean 

-0.2 

0.5 

-0.3 

0.2 

-0.8 

1.7 

0.0 

-1.0 

SD 

0.1 

1.4 

0.3 

1.8 

0.2 

0.3 

0.2 

0.2 

kV 

Min. 

-0.3 

0.2 

-0.8 

-2.2 

-1.2 

1.3 

-0.3 

-2.4 

Max. 

0.1 

4.9 

0.2 

2.3 

0.9 

2.5 

0.4 

-0.7 

Mean 

-0.1 

2.2 

-0.2 

-0.1 

-0.1 

1.9 

0.0 

-1.3 

SD 

0.1 

1.5 

0.3 

1.6 

0.7 

0.4 

0.2 

0.5 

point  and  has  a  finite  size,  which  leads  to  geometric  penum¬ 
bra;  (2)  the  accuracy  of  the  spatial  location  of  the  fiducial  is 
limited  by  measurement;  and  (3)  the  imager  pixel  has  a  finite 
size  and  is  associated  with  noise.  These  imperfections  render 
us  to  summon  more  equations  in  solving  the  problem.  This 
proposed  analysis  tool  takes  all  fiducial  projections  into  ac¬ 
count  in  the  optimization.  In  addition,  Eqs.  (3)-(7)  indicate 
that  this  is  a  nonlinear  problem  and  multiple  local  minima 
might  possibly  coexist  with  the  global  minimum.  While  it  is 
not  clear  whether  the  estimation  results  from  some  image- 
based  optimization  approaches19  would  be  trapped  in  the  lo¬ 
cal  minimum,  we  adopted  to  use  a  global  optimization  algo¬ 
rithm  of  simulated  annealing  for  our  software  to  ensure  a 
global  minimum  is  always  achievable.  Moreover,  the  exhaus¬ 
tive  search  at  the  beginning  of  the  process  warrants  well- 
distributed  seeds  for  the  simulated  annealing  and,  in  turn, 
saves  optimization  time  significantly. 

We  have  evaluated  the  gQA  tool  by  estimating  the  geo¬ 
metric  parameters  of  the  imaging  system  under  various  im¬ 
aging  geometries.  The  results  were  highly  reproducible  and 
showed  that  the  developed  tool  was  responsive  to  all  the 
changes  introduced  in  the  evaluation  such  as  SID,  detector 
offset,  and  phantom  shift.  The  best  estimates  of  these  spatial 
parameters  in  different  situations  were  well  within  1.6  mm. 

The  estimation  of  the  rotation  plane  and  the  isocenter  by  a 
series  of  projection  images  of  the  gQA  phantom  through  a 
full  gantry  rotation  is  extremely  useful  in  monitoring  the 
geometric  parameters  pertinent  to  the  flat-panel  based  CBCT 
and  the  coincidence  of  the  MV  and  kV  beams.  We  found  that 
the  coincidence  of  the  MV/kV  beam  isocenters  were  0.5  mm 


comparable  to  the  value  of  0.8  mm  which  was  obtained  by 
the  routine  OBI  QA  exercise  on  the  Trilogy.  Comparing  to 
the  existing  OBI  QA  exercise,  our  tool  is  more  comprehen¬ 
sive  giving  a  full  picture  of  the  geometric  status  and  details 
on  the  rotation  trajectories  of  both  the  x-ray  sources  (MV/ 
kV)  and  their  orientation  of  the  rotation  planes.  Yoo  et  al. 17 
pointed  out  that  their  recommendation  did  not  include  a 
separate  geometric  QA  measurement  for  the  OBI  CBCT,  the 
developed  tool  would  be  a  good  choice  to  fill  it  this  gap 
because  of  its  simplicity,  easy  implementation  and  full  auto¬ 
mation  of  the  analysis. 

Just  like  any  other  phantom-based  QA  studies,13-15,19  one 
limitation  of  the  present  work  lies  on  the  mechanical  impre¬ 
cision  in  the  positions  of  the  BBs  since  the  simulation  of  the 
BBs  position  assumes  a  perfect  alignment  of  the  BBs  in  the 
designated  skewed  helical  trajectory.  The  BBs  in  the  present 
gQA  phantom  are  accurate  to  within  0.5  mm  in  their  desig¬ 
nated  position  and  is  considered  adequate  for  the  current  ap¬ 
plication. 

A  simple  guideline  is  recommended  here  on  how  to  use 
this  gQA  tool  in  a  clinic.  First,  set  up  the  phantom  to  the 
room  lasers,  which  is  used  to  provide  a  reference  to  the  room 
coordinates.  A  level  can  be  used  or  even  embedded  in  the 
phantom  to  assure  its  geometric  setup.  Second,  kV  and/or 
MV  projection  images  are  acquired  at  a  designated  angle. 
Each  (kV  or  MV)  imaging  system  is  described  by  the  eight 
geometric  parameters.  To  obtain  the  eight  parameters  of  the 
imaging  system  (kV  or  MV)  at  a  designated  angle,  in  prin¬ 
ciple,  a  single  projection  measurement  at  that  angle  is  suffi¬ 
cient.  Last,  the  projection  image  is  fed  to  the  analysis  soft- 


Table  IV.  The  changes  of  geometric  parameters  of  the  imaging  system  brought  about  by  the  specific  parameters  varied  in  different  evaluations.  A cf),  A R,  and 
Az  are  the  changes  in  the  gantry  angle,  rotation  radius  and  distance  from  the  rotation  plane,  respectively.  A F,  A m,  and  Au  are  the  changes  of  the  focal  distance, 
and  the  two  translational  offsets  of  the  imager  in  the  uv  plane,  respectively;  a  and  (3  describe  the  changes  in  the  tilting  of  the  imager. 


Parameter 

Range 

\<t> 

A  R 

Az 

A  F 

Am 

An 

a 

p 

Evaluation 

varied 

varied 

(°) 

(mm) 

(mm) 

(mm) 

(mm) 

(mm) 

(°) 

o 

II.D.4 

SID 

1300-1600  mm 

0.01 

1.06 

0.08 

0.23 

0.75 

0.34 

0.13 

II.D.5 

Imager 
off  center 

±20  mm 

0.00 

0.27 

0.08 

0.12 

0.61 

0.25 

II.D.7 

Gantry 

±45° 

0.28 

0.05 

0.50 

0.02 

0.06 

0.13 

0.05 

angle 
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Fig.  11.  Geometric  relationship  between  a  fiducial’s  3D  position  and  its 
projection  on  the  imager. 


ware  to  calculate  the  geometric  parameters.  A  more 
comprehensive  approach  would  be  acquiring  the  projections 
during  a  continuous  gantry  rotation  (kV  CBCT/MV  arc  mode 
delivery).  In  that  case,  the  geometric  parameters  at  different 
gantry  angles  could  be  evaluated.  Furthermore,  the  isocenters 
of  the  imaging  system  could  also  be  calculated  by  the  soft¬ 
ware  if  three  or  more  projections  are  available. 


Fig.  12.  Schematic  diagram  showing  the  tilting  of  the  imager  upon  the  p 
axis. 


\CD\  _  \SD\ 
\A'B\  |SB|  ’ 


(Al) 


while  \ArB\  -r  cos  y  is  the  distance  from  A'  to  the  projection 
central  line  (SO')  and  SD  is  the  source-to-imager  distance 
(F).  SB  is  the  distance  from  source  to  the  projection  on  the 
central  line.  It  is  calculated  by  Eq.  (A2) 

|  SB  |  =  R  +  r  sin  y,  (A2) 


given 


y=  ABA' O'  =  AA'O'S- AA'BO' 
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2  ^ 


(A3) 


So  we  have 


V.  CONCLUSIONS 

A  new  geometric  QA  phantom  and  an  automated  analysis 
software  have  been  developed  to  estimate  the  geometric  sta¬ 
tus  of  a  MV  or  kV  on-board  imager.  This  provides  us  a 
simple,  robust  and  objective  way  to  probe  and  monitor  the 
geometric  status  of  an  imaging  system  in  a  fully  automatic 
process,  and  facilitate  routine  QA  workflow  in  a  clinic. 
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APPENDIX  A:  DERIVATION  OF  THE  FIDUCIAL 
LOCATION  (U,  V) 

When  the  x-ray  source  S  (R,</>,z)  is  at  a  gantry  angle  of 
</>,  an  arbitrary  object  A (r,  0,Zb)  is  projected  to  C  on  imager 
u  axis  centering  at  D.  Figure  11(a)  provides  a  2D  view  on  an 
vy  plane  where  the  source  S  locates  (z).  A'(r,6,z )  is  the 
projection  of  A  on  this  plane.  Using  the  similar  triangle  re¬ 
lationship  between  the  triangles  SA'B  and  SCD ,  we  have 
Eq.  (Al) 


,  ,  |A'B|  Fr  cos(6-  cb) 

\CD\  =  F — - —  = - \ 

R  +  r  sin  y  R  +  r  sin(  0-  (p) 


-Fr  cos (6-  4>) 
R  +  r  sin(  6  -  <fi) 


The  negative  sign  was  added  due  to  the  definition  of  u  axis. 

A  side  view  perpendicular  to  the  beam  axis  is  shown  in 
Fig.  11(b).  Now  A'  and  B  are  overlapped  on  this  view.  Based 
on  the  similarity  between  triangles  SAB  and  SGD ,  the  mag¬ 
nification  factor  is 


\DG\  _  \SD\ 
\AB\  |SB| 


while  \AB\  =  \AB’\-\SS'\=zb-Z,  |SD|=F,  \SB\=R+r  sin  y. 
So  the  projection  on  the  v  axis  is 


v  =  \GH\  =  \DG\+z  = 


F(zb  ~  z) 

R  +  r  sin(  6  -  <fi) 


+  z. 


APPENDIX  B:  DERIVATION  OF  THE  TILTED  AXIS 

q’ 

After  a  tilting  of  /3,  the  projection  at  Q  moved  to  Q' ,  and 
the  coordinate  on  q  axis  becomes  a  coordinate  on  q'  axis.  As 
shown  in  Fig.  12,  from  the  triangle  KQQ' ,  we  have 
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\KQ\ 


\KQ’\ 


sin(/-Q'  QK)  sin  UQQ’K)' 

Because 


AQ'QK=7T-[(3+^j-E  =  ^-(f3+s) 


and 


^QQ’K=  — +  e, 


so 
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i  sinl  —  +  s 

q’  \KQ  \  \  2 


cos(s) 


q  \KQ\  .  I TT  \  cos(/3+s)' 

sml --(/?+ s)  I 

Use  small  angle  approximation,  cos(s)  =  1  —  1  /  2e2  and 
cos(/3+  s)  »  1  - 1  /  2(/3+  s)2, 


1  9 

1  -  — £2 


9 


l--(/S+s)2 


1--S2 


1  +  k/3  +  s)2 


1  +/3s+-/32. 


Approximately,  &~q/F. 

So 

q>  ~(l+(3s  +  if32)q. 

^Author  to  whom  correspondence  should  be  addressed.  Electronic  mail: 
lei@reyes.stanford.edu 
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Purpose:  Head-and-neck  (HN)  cone-beam  computed  tomography  (CBCT)  can  be  exploited  to  probe  the  IMRT 
dose  delivered  to  a  patient  taking  into  account  the  interfraction  anatomic  variation  and  any  potential  inaccuracy 
in  the  IMRT  delivery.  The  aim  of  this  work  is  to  reconstruct  the  intensity-modulated  radiation  therapy  dose 
delivered  to  an  HN  patient  using  the  CBCT  and  multileaf  collimator  (MLC)  log-files. 

Methods  and  Materials:  A  cylindrical  CT  phantom  was  used  for  calibrating  the  electron  density  and  validating  the 
procedures  of  the  dose  reconstruction.  Five  HN  patients  were  chosen,  and  for  each  patient,  CBCTs  were  performed 
on  three  separate  fractions  spaced  every  2  weeks  starting  from  the  first  fraction.  The  respective  MLC  log-files  were 
retrieved  and  converted  into  fluence  maps.  The  dose  was  then  reconstructed  on  the  corresponding  CBCT  with  the 
regenerated  fluence  maps.  The  reconstructed  dose  distribution,  dosimetric  endpoints,  and  DVHs  were  compared 
with  that  of  the  treatment  plan. 

Results:  Phantom  study  showed  that  HN  CBCT  can  be  directly  used  for  dose  reconstruction.  For  most  treatment 
sessions,  the  CBCT-based  dose  reconstructions  yielded  DVHs  of  the  targets  close  (within  3%)  to  that  of  the  original 
treatment  plans.  However,  dosimetric  changes  (within  10%)  due  to  anatomic  variations  caused  by  setup  inaccur¬ 
acy,  organ  deformation,  tumour  shrinkage,  or  weight  loss  (or  a  combination  of  these)  were  observed  for  the  critical 
organs. 

Conclusions:  The  methodology  we  established  affords  an  objective  dosimetric  basis  for  the  clinical  decision  on 
whether  a  replanning  is  necessary  during  the  course  of  treatment  and  provides  a  valuable  platform  for  adaptive 
therapy  in  future.  ©  2008  Elsevier  Inc. 

Cone-beam  CT,  Head  and  neck  IMRT,  MLC  log-file,  Dose  reconstruction,  Adaptive  radiation  therapy. 


INTRODUCTION 

Two  implicit  assumptions  are  made  in  the  current  multileaf 
collimator  (MLC)-based  intensity  modulated  radiotherapy 
(IMRT)  process.  First,  the  geometric  sizes,  shapes,  and 
locations  of  the  targets  and  organs  (internal  anatomy)  and 
the  geometric  topography  of  the  patient  are  the  same  as  at 
the  time  of  computed  tomography  (CT)  simulation  through¬ 
out  the  treatment  course.  Second,  the  delivered  fluence  maps 
are  the  same  as  the  planned  ones  and  delivered  by  the  MLC  in 
an  idealized  manner.  In  reality,  neither  of  these  assumptions 
is  guaranteed  in  clinical  situations. 

Many  patients,  especially  those  with  head  and  neck  (HN) 
cancers  who  undergo  fractionated  RT  course,  have  marked 
geometric  changes  in  their  internal  anatomy  and  topography 
during  the  treatment  course,  which  are  attributable  to  organ 
deformation,  tumor  shrinkage,  weight  loss  or  a  combination 


of  these  (1,2).  These  geometric  changes  might  cause  undesir¬ 
able  underdosage  of  the  targets  and  potential  overdosage  of 
the  critical  organs  in  the  vicinity  of  the  targets  and  lead  to 
a  suboptimal  treatment  outcome.  This  issue  poses  a  particular 
concern  in  HN  IMRT  cases  because  of  the  steep  dose  gradi¬ 
ent  that  often  exists  between  the  boundary  of  the  target  and 
critical  organs  in  an  IMRT  plan.  The  use  of  the  three-dimen¬ 
sional  (3D)  patient  model  derived  from  a  single  planning  CT 
(pCT)  set  to  guide  the  fractionated  RT  course  is  a  major  hur¬ 
dle  to  further  advancing  the  radiation  therapy  (3).  Recently, 
many  in-room  imaging  modalities  including  CT-on-rail  (4), 
kilovoltage-CBCT  (5,  6),  megavoltage  cone -beam  CT  (7), 
and  tomotherapy  system  (8)  have  been  developed  to  monitor 
the  geometric  changes  on  a  temporal  basis.  These  new  imag¬ 
ing  modalities  are  primarily  designed  to  verify  and  correct  the 
patient’s  setup  in  a  3D  space  with  respect  to  the  pCT  on  the 
basis  of  bony  landmarks,  as  well  as  soft  tissue  stmctures, 
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before  dose  delivery.  In  principle,  the  CBCT  can  be  further 
exploited  to  derive  a  3D  patient  model  for  dose  reconstruc¬ 
tion  to  reflect  the  dosimetric  impact  resulting  from  the  resid¬ 
ual  setup  errors  and  geometric  changes  occurring  over  time. 

Feasibility  studies  have  been  carried  out  by  several  re¬ 
search  groups  to  reconstruct  the  IMRT  dose  distribution 
using  CBCT  and  the  planned  fluence  maps  from  the  treat¬ 
ment  planning  system  (TPS)  (9-1 1).  This  maneuver  is  based 
on  the  second  assumption  mentioned  earlier  that  the  planned 
fluence  maps  can  be  faithfully  realized  by  the  delivery  system 
(11).  However,  in  a  MLC -based  IMRT  using  the  step-and- 
shoot  method,  there  may  be  errors  associated  with  the  control 
of  leaf  motion  and  fractional  monitor  unit  (MU)  delivery  such 
as  overshoot,  undershoot  segmental  MU,  dropped  segments, 
and  beam  delivery  during  leaf  motion  (12-15).  These  factors 
might  affect  the  dose  delivery  and  result  in  a  delivered 
fluence  map  different  from  the  planned  one.  A  more  prag¬ 
matic  approach  in  reconstructing  the  delivered  dose  is  to 
use  the  fluence  maps  actually  delivered  for  the  treatment; 
therefore,  we  propose  retrieving  the  MLC  log-file  that 
records  the  leaf  position  of  each  individual  leaf  and  the  frac¬ 
tional  MU  status  during  the  delivery  of  IMRT  from  the  MLC 
workstation  and  deriving  the  delivered  fluence  map  from  it. 

The  objective  of  this  study  is  twofold:  (7)  to  establish 
a  methodology  and  procedures  to  reconstruct  the  dose  deliv¬ 
ered  to  a  patient  on  a  series  of  kV-CBCTs  taken  during  a  treat¬ 
ment  course  using  the  delivered  fluence  maps  derived  from 
the  corresponding  MLC  log-files  and  (2)  to  study  the  poten¬ 
tial  dosimetric  impact  on  the  intended  treatment  plan  taking 
into  account  the  patient’s  geometric  changes  over  time,  resid¬ 
ual  setup  errors,  and  the  inherent  delivery  errors  associated 
with  the  MLC.  This  work  can  serve  as  a  platform  for  imple¬ 
menting  a  workflow  in  reconstructing  the  IMRT  delivered 
dose  and  providing  the  necessary  dosimetric  information 
needed  to  modify  the  treatment  plan,  if  indicated,  on  the  basis 
of  the  accumulated  dose  given  to  the  patient. 

METHODS  AND  MATERIALS 

CBCT  image  acquisition 

The  CBCT  images  in  this  study  were  acquired  by  the  onboard 
imager  (OBI)  integrated  in  a  Trilogy  medical  linear  accelerator  (Var- 
ian  Medical  Systems,  Palo  Alto,  CA).  The  OBI  system  is  mounted 
on  the  gantry  of  the  linear  accelerator  perpendicular  to  the  beam 
axis  of  the  MV  beam  by  robotic  arms.  The  OBI  system  consists  of 
a  kV  X-ray  tube  assembly  at  one  end  and  an  amorphous  silicon 
flat-panel  image  receptor  (39.7  cm  x  29.8  cm)  (Varian  4030CB 
flat  panel)  facing  the  X-ray  tube  at  the  other  end  in  the  full-extended 
configuration.  The  focus  of  the  X-ray  tube  and  the  center  of  the 
image  receptor  are  at  100  cm  and  50  cm  from  the  isocenter,  respec¬ 
tively,  resulting  in  a  source-to-imager  distance  of  150  cm.  The  OBI 
isocenter  coincides  with  the  MV  treatment  isocenter  within  ±1.5 
mm  and  is  routinely  checked  in  the  weekly  quality  assurance  proce¬ 
dure  (16).  The  CBCT  can  be  acquired  in  two  modes,  the  “half-fan” 
mode  and  “full-fan”  mode.  The  half-fan  mode  is  designed  to 
increase  the  field-of-view  (FOV)  beyond  24  cm  and  was  used  exclu¬ 
sively  in  this  study.  In  the  half-fan  mode,  the  image  receptor  is  dis¬ 
placed  laterally  by  14.8  cm,  and  the  blades  of  the  X-ray  tube  are 
offset  to  cover  the  detector  area.  A  half-bowtie  filter  is  used  in  this 


mode.  A  half-fan  projection  image  is  acquired  for  each  acquirement 
angle  for  the  364°  gantry  rotation  in  about  60  s,  resulting  in  a  total  of 
640-700  projections  (16).  Only  part  of  the  object  is  viewed  in  one 
half-fan  projection;  the  other  part  of  the  object  is  viewed  in  the 
half-fan  projection  from  the  opposite  position.  The  entire  object  is 
reconstructed  by  using  the  projections  acquired  180°  apart.  The 
FOV  and  longitudinal  coverage  in  this  mode  are  45  cm  in  diameter 
and  15  cm  in  length,  respectively.  A  total  of  640  projections  are 
acquired  and  reconstructed  into  CBCT  images  of  512  x  512  matrix. 

Electron  density  calibration 

Electron  density  calibration  was  performed  by  scanning  a  phan¬ 
tom  with  inserts  of  known  relative  electron  densities  with  respect 
to  water  ( p we)  and  calibrating  the  p™  against  the  Hounsfield  units 
(HU)  of  the  inserts.  A  20-cm  cylindrical  CT  phantom,  Catphan- 
600  with  CTP404  module  (Phantom  Laboratory,  NY),  was  used 
for  the  electron  density  calibration  for  the  pCT  (GE  Discovery-ST 
PET/CT  scanner,  Milwaukee,  WI)  and  CBCT.  This  phantom  was 
chosen  because  it  has  a  size  and  shape  comparable  to  a  patient’s 
HN  region.  Designated  scanning  parameters  for  HN  patients  were 
chosen  for  the  pCT  and  similar  scanning  parameters  were  applied 
as  far  as  possible  for  the  CBCT;  the  slice  thickness  used  was  2.5 
mm.  The  half-fan  CBCT  mode  (half-bowtie  mounted)  was  used  to 
give  a  FOV  of  45  cm,  comparable  to  that  of  45-50  cm  used  in 
pCT  to  include  the  lower  neck  region.  Both  CT  sets  had  a  pixel 
size  of  about  1  mm  ina512  x  512  matrix  image.  The  techniques 
for  the  CBCT  used  were  125  kVp,  80  mA,  and  25 -ms  pulse,  which 
are  precalibrated  for  clinical  use.  The  HUs  of  the  inserts  for  both  the 
pCT  and  CBCT  were  measured  from  the  acquired  images  and  plot¬ 
ted  against  the  known  pwe.  The  vertical  and  horizontal  HU  profiles  of 
the  same  images  were  also  plotted  and  compared.  The  temporal 
CBCT  HU  stability  has  been  investigated  by  our  group,  and  there 
is  no  significant  fluctuation  observed  over  a  period  of  8  weeks  (10). 

MLC  log-file  retrieval  and  processing 

The  Trilogy  is  equipped  with  the  Millennium  120-leaf  MLC  (Var¬ 
ian  Medical  Systems)  capable  of  IMRT  delivery.  During  a  step-and- 
shoot  IMRT  delivery,  the  MLC  workstation  logs  the  position  of  each 
individual  leaf  and  the  fractional  MUs  delivered  every  50  ms;  it  also 
produces  two  separate  log-files  for  each  leaf  bank  (A  and  B  sides).  A 
split  IMRT  field  results  in  four  such  MLC  log-files.  These  automat¬ 
ically  generated  MLC  log-files  have  been  validated  to  represent 
accurately  the  actual  IMRT  delivery  (17,  18).  For  this  study,  the 
MLC  log-files  were  retrieved  from  the  MLC  workstation  after  the 
treatment  session  in  which  the  CBCT  was  performed;  the  leaf  posi¬ 
tions  and  delivered  fractional  MUs  were  extracted  and  converted 
to  leaf  sequence  files  by  software  developed  in-house,  written  in 
Visual  Basic  6.0  code  (Microsoft,  Bellevue,  WA).  The  leaf  sequence 
files  were  then  imported  back  into  the  TPS  to  regenerate  the  deliv¬ 
ered  fluence  maps,  which  were  used  in  the  dose  reconstruction  on 
the  CBCT-derived  3D  patient  model  (Fig.  1).  To  access  the  practi¬ 
cability  of  the  retrieval  and  conversion  procedures,  the  MLC  log- 
files  of  a  HN  IMRT  patient  were  retrieved,  and  the  subsequently 
regenerated  fluence  maps  were  attached  to  the  original  treatment 
fields  in  the  IMRT  plan.  The  dose  was  reconstructed  using  the  orig¬ 
inal  set  of  pCT;  the  resultant  dose  distribution  and  dose  volume  his¬ 
tograms  (DVH)  of  the  target  and  organs  were  then  compared  with 
those  from  the  original  plan  to  see  the  discrepancy  due  solely  to 
the  difference  in  the  fluence  maps  used. 

Phantom  study 

Planning  CT  and  CBCT  were  acquired  for  the  Catphan-600  phan¬ 
tom  using  the  techniques  previously  described.  Both  sets  of  images 
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Dose  Reconstruction  Delivered  fluence  map 


Actual  leaf  sequences 


Fig.  1 .  The  workflow  from  the  retrieval  of  the  multileaf  collimator  (MLC)  log-file  to  the  regeneration  of  the  delivered  flu¬ 
ence  map  and  dose  reconstruction.  MU  =  monitor  unit;  TPS  =  treatment  planning  system. 


were  imported  into  the  Eclipse  TPS  (Varian  Medical  Systems)  for 
feasibility  study.  A  hypothetical  identical  target  in  a  shape  of  cuboid 
(4x4x2  cm)  was  created  in  the  center  of  the  phantom  for  the  two 
image  sets.  An  isocentric  plan  with  two  orthogonal  6-MV  fields 
(Varian  scale  180°  and  90°  gantry  angle)  each  measuring  10  x  10 
cm  was  applied  to  the  center  of  the  phantom  in  each  image  set. 
The  Anisotrophic  Analytical  Algorithm  (AAA)  implemented  in 
the  Eclipse  TPS  was  adopted  for  dose  calculation.  The  electron  cal¬ 
ibration  curve  of  the  pCT,  which  had  been  commissioned  for  the  use 
of  dose  calculation  in  TPS,  was  applied  to  both  image  sets  for  dose 
calculation;  this  is  based  on  the  findings  from  the  electron  density 
calibration  scans  performed  on  the  pCT  and  CBCT  earlier.  A  five- 
field  IMRT  plan  from  an  HN  patient  was  also  applied  to  two  image 
sets  of  the  phantom  to  validate  further  the  use  of  CBCT  for  dose  cal¬ 
culation.  The  resultant  dose  distributions,  orthogonal  dose  profiles, 
and  DVHs  of  the  hypothetical  target  from  the  pCT-  and 
CBCT-based  calculations  were  compared. 

Patient  CBCT  scheduling  and  acquisition 

Five  HN  IMRT  patients  were  chosen  for  this  work.  The  patient 
was  setup  under  the  guidance  of  kV  orthogonal  planar  imaging  rou¬ 
tinely  using  the  OBI.  The  CBCT  was  then  acquired  using  the  tech¬ 
niques  previously  described.  There  was  no  attempt  to  use  the  CBCT 
for  3D-3D  setup  correction  because  3D-3D  setup  verification  has 
not  yet  been  adopted  as  a  routine  clinical  procedure  at  our  clinic.  Be¬ 
cause  of  the  limited  coverage  of  the  CBCT  in  the  longitudinal  direc¬ 
tion,  two  sets  of  CBCT  10  cm  apart  in  this  direction  were  taken  for 
each  patient.  The  two  CBCT  image  sets  were  merged  together 

1  10 


before  they  were  imported  into  the  TPS.  Three  CBCTs  at  2- week 
intervals  starting  from  the  first  or  second  fraction  in  a  30-fraction 
treatment  course  (Fig.  2)  were  taken  for  the  patients.  There  is  usually 
a  2-week  gap  from  the  pCT  to  the  first  treatment;  the  first  CBCT  not 
only  serves  as  a  starting  time  point  to  see  the  temporal  geometric 
changes  but  also  shows  the  geometric  changes  that  might  have 
occurred  during  the  2- week  gap  before  the  treatment  commences. 
The  number  of  CBCTs  taken  and  the  time  interval  between  them 
are  a  compromise  based  on  the  consideration  of  imparted  CBCT 
dose,  workload,  and  the  progress  of  anatomic  changes  that  manifest 
on  the  CBCT.  The  acquired  CBCTs  and  the  retrospective  dose 
reconstructions  were  used  only  for  research  purposes  and  not  for 
altering  the  original  treatment  or  clinical  practice. 

Procedures  for  dose  reconstruction 

After  each  treatment,  the  MLC  log-files  and  the  CBCT  image  sets 
were  retrieved.  The  merged  HN  CBCT  was  imported  into  the 
Eclipse  TPS;  a  3D  patient  model  was  generated  from  the  CBCT 
and  fused  to  the  pCT  3D  patient  model  using  a  rigid-body  image  reg¬ 
istration  technique  based  on  mutual  information  of  the  whole  CT 
volumes.  This  image  registration  was  used  only  for  mapping  the  tar¬ 
gets  and  organ  contours  from  the  pCT  image  set  onto  the  CBCT 
image  set.  These  initial  mapped  contours  were  edited  by  the  same 
physician  who  did  the  contouring  for  the  original  plan,  if  necessary, 
to  adapt  to  changes  in  the  patient’s  anatomy  due  to  tumour  shrink¬ 
age,  organ  deformation,  or  weight  loss.  After  the  CBCT  image  set 
had  been  finalized  with  the  corrected  contours,  it  was  decoupled 
from  the  registration  to  retain  its  own  geometric  status,  including 
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Fig.  2.  Timeline  showing  the  scheduling  of  the  cone-beam  computed  tomography  (CBCT)  and  the  time  of  planning 
computed  tomography  (pCT). 
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Fig.  3.  The  electron  density  calibration  curves  for  the  planning  computed  tomography  (pCT)  and  cone-beam  computed 
tomography  (CBCT). 


the  residual  setup  errors  for  the  subsequent  dose  reconstruction.  The 
configuration  including  the  beam  angulations  and  field  sizes  of  the 
original  treatment  plan  were  copied  to  the  CBCT  and  placed  at  the 
same  isocenter  of  the  pCT.  Because  the  MLC  log-files  are  logged 
for  each  independent  delivery,  a  split  IMRT  field  would  have  to 
be  considered  as  two  independent  subfields,  each  with  its  own  de¬ 
rived  fluence  map  when  copied  to  the  CBCT  plan.  A  typical  HN 


IMRT  plan  with  seven  split-fields  would  result  in  14  individual  sub¬ 
fields  each  with  its  corresponding  derived  fluence  maps.  The  deliv¬ 
ered  MUs  for  each  subfield  were  entered  when  the  fluence  map  was 
regenerated.  The  dose  reconstruction  was  then  calculated  on  the 
CBCT -derived  patient  model.  The  resultant  dose  distributions,  dosi¬ 
metric  endpoints,  and  DVHs  of  the  target  and  critical  organs  were 
compared  with  those  of  the  original  plan  and  the  other  two  CBCTs. 


Fig.  4.  An  axial  slice  through  the  inserts  from  (a)  the  cone-beam  computed  tomography  (CBCT)  and  (b)  the  planning  com¬ 
puted  tomography  (pCT).  (c)  The  horizontal  Hounsfield  unit  (HU)  profiles  along  the  lines  right-to-left  (RL)  for  the  CBCT 
and  pCT.  (d)  The  vertical  HU  profiles  along  the  lines  anteroposterior  (AP)  for  the  CBCT  and  pCT. 
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(a)  delivered  fluence  map  (b)  planned  fluence  map 

Fig.  5.  No  discernible  difference  was  seen  between  the  two  fluence 
maps  except  at  the  region  indicated  by  the  arrow. 

RESULTS 

Electron  density  calibration 

Figure  3  shows  the  relative  electron  density  calibration 
curves  for  the  pCT  and  CBCT.  No  significant  difference  in 
the  calibrations  was  noted  over  the  range  of  HUs.  The  differ¬ 
ences  in  the  HUs  of  the  inserts  for  the  two  modes  of  CT  were 
less  than  10  HUs,  except  for  the  air  and  Teflon  inserts;  how¬ 
ever,  the  maximum  relative  difference  was  only  5%  and  3% 
for  the  air  and  Teflon,  respectively. 

Figures  4a  and  4b  show  the  axial  images  of  the  phantom 
through  the  inserts  from  the  CBCT  and  pCT,  respectively. 
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The  horizontal  and  vertical  HU  profiles  along  the  lines 
right-to-left  (RL)  and  anteroposterior  (AP)  for  the  CBCT 
and  pCT  are  compared  in  Figs.  4c  and  4d.  The  CBCT  and 
pCT  HU  profiles  were  in  agreement  to  within  10%  except 
that  the  CBCT  showed  a  larger  fluctuation  of  HU  and  reduced 
HUs  at  the  periphery  of  the  phantom. 

Derivation  of  fluence  maps  from  the  MLC  log-files 

Figures  5a  and  5b  show  a  delivered  fluence  map  derived 
from  the  MLC  log-files  and  the  corresponding  planned  flu¬ 
ence  map  from  the  TPS,  respectively.  There  was  essentially 
no  discernible  difference  in  the  intensity  levels  between  the 
two  maps  except  at  the  region  indicated  by  the  arrow.  Figures 
6a  and  6b  depict  the  dose  distribution  on  an  axial  slice  calcu¬ 
lated  on  the  same  pCT  set  using  the  delivered  and  planned 
fluence  maps;  their  corresponding  DVHs  of  the  targets  and 
critical  organs  are  shown  in  Figs.  6c  and  6d.  There  was  essen¬ 
tially  no  discernible  difference  in  the  dose  distributions  on  the 
axial  slice.  The  DVHs  of  the  planning  tumour  volumes 
(PTV),  gross  tumour  volumes  (GTV),  and  critical  organs  of 
the  plan  based  on  delivered  fluence  maps  overlapped  with 
the  ones  from  the  plan  based  on  planned  fluence  maps. 

Phantom  study 

For  the  open  beam  dose  calculation,  the  dose  distributions 
on  the  same  axial  slice  from  the  CBCT-  and  pCT-based  dose 
calculations  were  essentially  identical;  the  difference  in  dose 
maximum  was  less  than  0.5%  (Figs.  7a  and  7b).  The  horizon¬ 
tal  and  vertical  dose  profiles  for  the  CBCT-  and  pCT-based 
calculations  were  in  agreement  to  within  1  %  except  at  the  field 


Dose  calculation  based  on  delivered  fluence  maps 


(C) 


Dose  calculation  based  on  planned  fluence  maps 

(d) 


Fig.  6.  Intensity-modulated  radiation  therapy  dose  distribution  on  an  axial  slice  from  the  planning  computed  tomography 
for  the  dose  calculations  based  on  (a)  the  delivered  and  (b)  the  planned  fluence  maps.  Dose  volume  histograms  of  the  gross 
tumor  volume  (GTV),  planning  tumor  volume  (PTV)  (c),  and  the  critical  organs  (d)  for  the  two  calculations. 
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edges,  where  there  was  a  maximum  difference  of  3%. 
(Fig.  7c).  The  DVHs  of  the  hypothetical  target  from  the  two 
calculations  essentially  overlapped  (Fig.  7d).  The  same  com¬ 
parisons  were  performed  for  the  IMRT  dose  calculation. 
There  was  also  no  significant  difference  in  the  dose  distribu¬ 
tions  on  the  axial  slices  shown  and  in  the  dose  maximum 
points  (Figs.  8a  and  8b).  Both  the  dose  profiles  and  the 
DVHs  from  the  two  calculations  were  in  agreement  to  within 
2%  (Figs.  8c  and  8d). 

Patient  study 

Patients  with  PTV  in  the  head  region .  Of  the  three  patients 
(A,  B,  and  C)  in  the  study,  two  had  nasopharyngeal  carci¬ 
noma  (NPC),  the  other  one  had  esthesioneuroblastoma  surgi¬ 
cally  debulked,  with  residual  tumour  at  the  base  of  skull  to  be 
treated.  The  PTVs  of  these  patients  received  6,600  cGy  in  30 
fractions  at  220  cGy  per  fraction.  For  the  patients  studied 
here,  we  observed  that  the  change  in  the  shape  of  the  targets 
had  already  occurred  during  the  2-week  waiting  period. 
These  were  then  followed  by  a  progressive  change  in  the 
shape  and  size  of  the  targets  during  the  treatment.  The  dosi¬ 
metric  comparisons  of  the  pCT-  with  CBCT-based  plans  per 
fraction  for  the  three  patients  are  shown  in  Table  1.  For  the 
PTV,  the  dose  to  95%  of  the  volume  (D95)  and  the  volume 
receiving  at  least  93%  of  the  prescribed  dose  (V93)  of  the 
pCT  were  in  agreement  to  within  3%  with  those  of  the 
CBCTs.  For  the  GTV,  the  dose  to  99%  of  the  volume  (D99) 
also  showed  the  same  agreement  between  the  pCT  and 
CBCTs.  The  differences  in  the  dosimetric  endpoints  of  the 
critical  organs  for  the  pCT  and  CBCTs  were  generally  in 


the  range  of  10%;  however,  the  difference  could  be  as  high 
as  15%-20%  in  some  individual  treatment  sessions  for  the 
parotid  gland,  optic  track,  and  the  temporal  lobe  when  they 
were  in  extreme  proximity  with  the  PTV.  The  comparisons 
of  the  dose  distributions  and  the  DVHs  between  the 
pCT-  and  CBCT-based  plans  for  one  of  the  patients  are 
shown  in  Fig.  9  for  illustrative  purposes. 

Patients  with  PTV  in  the  neck  region.  The  two  other  pa¬ 
tients  (D  and  E)  we  selected  had  primary  tumors  in  the  hypo- 
pharynx  and  the  lacrimal  gland;  both  had  undergone  surgery. 
There  were  two  PTVs  defined  for  these  patients:  PTV  1  for  the 
tumor  bed  and  PTV2  for  the  involved  neck.  PTV  1  and  PTV2 
received  6,000  cGy  and  5,400  cGy,  respectively,  in  30  frac¬ 
tions  at  200  cGy  per  fraction.  Because  of  the  limited  coverage 
of  the  CBCT,  the  PTV  1  of  one  of  the  patients  (E)  was  not  com¬ 
pletely  included  and  was  not  compared.  The  main  emphasis 
here  was  to  study  the  dosimetric  impact  of  the  change  of  the 
neck  contour  on  the  PTV2.  From  the  first  CBCT,  the  neck 
contours  of  these  patients  had  a  marked  change  from  the 
pCT,  and  the  change  was  slight  throughout  the  progression 
of  the  treatment  up  to  the  third  CBCT  (Fig.  10).  For  the 
PTV1  of  the  patient  D,  D95,  and  V93  of  the  pCT-based  plan 
agreed  well  with  those  of  the  CBCT-based  plans  (Table  2). 
For  the  PTV2  of  both  patients,  D95  and  V93  showed  agreement 
to  within  3%  between  the  pCT-  and  CBCT-based  plans.  The 
differences  in  the  dosimetric  endpoints  of  the  critical  organs 
for  the  pCT-  and  CBCT-based  plans  were  generally  in  the 
range  of  5%  (Table  2).  The  comparisons  of  the  dose  distribu¬ 
tions  and  the  DVHs  between  the  pCT-  and  CBCT-based  plans 
for  one  of  these  patients  are  shown  in  Fig.  10. 
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Fig.  7.  Dose  distribution  from  two  orthogonal  10x10  cm  open  fields  on  the  axial  slice  with  (a)  the  cone-beam  computed 
tomography  (CBCT)-based  and  (b)  the  planning  computed  tomography  (pCT)-based  dose  calculations,  (c)  Dose  profiles 
along  lines  right-to-left  (RL)  and  anteroposterior  (AP)  for  CBCT-  and  pCT-based  calculations,  (d)  Dose  volume  histograms 
of  the  hypothetical  target  for  the  CBCT-based  and  pCT-based  calculations. 
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Fig.  8.  Intensity  modulated  radiation  therapy  (IMRT)  dose  distribution  on  the  axial  slice  with  (a)  the  cone-beam  computed 
tomography  (CBCT)-based  and  (b)  the  planning  computed  tomography  (pCT)-based  dose  calculations,  (c)  Dose  profiles 
along  lines  right-to-left  (RL)  and  anteroposterior  (AP)  for  CBCT-based  and  pCT-based  calculations,  (d)  Dose  volume  his¬ 
tograms  of  the  hypothetical  target  for  the  CBCT-based  and  pCT-based  calculations. 


DISCUSSION 

The  advent  of  onboard  CBCT  expands  our  horizon  in  cor¬ 
recting  the  daily  setup  errors  and  probing  the  geometric 
change  of  a  patient’s  anatomy  in  his  or  her  treatment  position 
during  the  course  of  radiation  treatment.  We  have  shown  that 


the  CBCT  could  be  further  exploited  for  dose  reconstruction 
to  provide  the  dosimetric  information  necessary  for  replan¬ 
ning  or  reoptimization  should  there  be  significant  deviations 
in  the  delivered  dose  from  the  intended  plan.  The  main  hurdle 
in  preventing  us  from  using  the  CBCT  for  dose  reconstmction 


Table  1 .  Comparison  of  dosimetric  endpoints  of  the  targets  and  critical  organs  between  the  pCT-  and  the  serial  CBCT-based  plans  for  the 
patients  A,  B,  and  C  (Prescription:  6600  cGy  to  PTV  in  30  fractions  at  220  cGy  per  fraction;  values  shown  below  are  for  one  fraction) 


Patient  A  Patient  B  Patient  C 


Dosimetric  end  point 

pCT 

CBCT  1 

pCT 

CBCT2 

pCT 

CBCT?) 

pCT 

pCT 

CBCT  1 

pCT 

CBCT2 

pCT 

CBCT 3 

pCT 

pCT 

CBCT  1 

pCT 

CBCT2 

pCT 

CBCT 3 

pCT 

PTV,  D95  (cGy) 

220 

0.98 

0.99 

0.98 

220 

0.97 

0.97 

0.99 

220 

1.01 

1.00 

1.01 

PTV,  V93  (%) 

99 

0.99 

1.00 

0.99 

100 

0.99 

0.98 

1.00 

100 

1.00 

1.00 

1.00 

GTV,  D99  (cGy) 

220 

0.97 

0.99 

0.98 

219 

1.00 

1.00 

0.99 

219 

1.01 

1.00 

1.01 

BS,  Dmax  (cGy) 

165 

1.06 

1.04 

1.04 

156 

1.02 

1.09 

1.03 

153 

1.08 

1.02 

1.03 

SC,  Dmax  (cGy) 

— 

— 

— 

— 

139 

0.97 

0.97 

0.99 

150 

1.01 

1.00 

1.01 

OC,  Dmax  (cGy) 

164 

1.01 

1.13 

1.06 

— 

— 

— 

— 

156 

1.08 

0.97 

1.01 

R  ON,  Dmax  (cGy) 

164 

0.93 

0.97 

0.92 

— 

— 

— 

— 

152 

1.04 

0.93 

1.00 

L  ON,  Dmax  (cGy) 

170 

1.08 

0.84 

1.10 

— 

— 

— 

— 

156 

1.01 

0.98 

0.98 

R  PARO,  Dmean  (cGy) 

— 

— 

— 

— 

113 

1.05 

0.85 

1.07 

90 

0.97 

0.99 

1.19 

L  PARO,  Dmean  (cGy) 

— 

— 

— 

— 

141 

1.07 

1.12 

1.03 

108 

0.97 

1.08 

1.03 

R  TL,  Dmax  (cGy) 

175 

1.00 

1.00 

0.98 

160 

0.95 

0.92 

0.97 

— 

— 

— 

— 

L  TL,  Dmax  (cGy) 

175 

1.09 

1.19 

1.23 

158 

1.03 

1.06 

0.98 

— 

— 

— 

— 

Abbreviations :  BS  =  brainstem;  CBCT  =  cone-beam  computed  tomography;  D95  =  dose  to  95%  of  the  volume;  D99  =  dose  to  99%  of  the 
volume;  Dmax  =  maximum  dose;  Dmean  =  mean  dose;  GTV  =  gross  target  volume;  L  =  left;  OC  =  optic  chiasm;  ON  =  optic  nerve;  PARO  = 
parotid  gland;  pCT  =  planning  computed  tomography;  PTV  =  planning  target  volume;  R  =  right;  SC  =  spinal  cord;  TL  =  temporal  lobe; 
V93  =  volume  receiving  at  least  93%  of  the  prescribed  dose. 

Note:  For  each  patient,  the  first  column  lists  the  value  for  the  pCT-based  plan,  and  the  second  to  fourth  columns  show  the  ratio  of  the  values  of 
the  subsequent  CBCT-  to  pCT-based  plan  for  easier  comparison.  Blank  cells  indicate  that  the  organ  is  not  included  in  the  CBCT  coverage  be¬ 
cause  of  PTV  site. 
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is  that  the  CBCT  does  not  always  warrant  an  image  quality 
comparable  to  conventional  CT  because  of  the  scatter  envi¬ 
ronment  encountered  in  CBCT  (19).  Another  issue  is  the  pro¬ 
vision  of  an  appropriate  electron  density  calibration;  large 
variations  of  HU  were  observed  for  the  same  material  under 
different  scanning  conditions  and  parameters  used  in  CBCT 
(9,  10).  We  mitigated  these  problems  by  restricting  the  elec¬ 
tron  density  calibration  to  designated  scanning  parameters 
and  using  a  cylindrical  phantom  with  a  caliber  close  to  a  pa¬ 
tient’s  HN  region.  By  scanning  the  Catphan  in  the  similar 
scanning  parameters  in  pCT  and  in  CBCT,  we  found  that 
the  electron  density  calibration  curves  had  no  significant  dif¬ 
ference  except  for  that  of  the  air  and  Telfon;  however,  these 
3%—5%  HU  difference  will  not  transform  into  clinically  sig¬ 
nificant  difference  in  doses  (<1%)  (20,  21).  This  explained 
why  the  fluctuating  HUs  and  peripheral  reduced  HUs  seen 
in  the  CBCT  phantom  images  (Figs.  4c  and  4d)  did  not  lead 
to  any  significant  difference  in  the  dose  profiles  (Figs.  7c 
and  8c)  when  we  validated  the  CBCT  for  dose  calculation. 
Therefore,  we  adopted  to  use  the  commissioned  pCT  electron 
density  calibration  for  the  CBCT  dose  calculation;  this  has 
also  been  proposed  by  Yoo  and  Yin  on  the  basis  of  the 
same  argument  (9).  The  good  agreement  of  the  DVHs  of  the 
hypothetical  targets  for  the  pCT-  and  CBCT-based  dose  cal¬ 
culations  (Figs.  7d  and  8d)  further  justifies  our  method.  How¬ 
ever,  the  ultimate  solution  is  the  continual  improvement  in  the 
image  reconstruction  algorithm  for  the  CBCT  making  it  more 


consistent  and  reliable  under  different  scanning  conditions 
and  parameters  (19).  The  results  from  the  phantom  study 
strongly  supported  that  the  CBCT  obtained  under  the  pro¬ 
posed  scanning  condition  could  be  directly  used  for  dose 
reconstmction. 

The  MLC  log-files  have  been  validated  to  faithfully  reflect 
the  actual  delivery  process  of  a  MLC -based  IMRT  (17,  18); 
this  serves  to  be  a  powerful  tool  in  verifying  or  reconstructing 
the  IMRT  dose  delivered  to  the  patients.  The  use  of  the  MLC 
sequence  files  from  the  original  plan  instead  of  the  MLC  log- 
files  in  dose  reconstruction,  which  most  other  research 
groups  did  (9,  11,  22,  23),  rests  on  the  assumption  the  treat¬ 
ment  was  indeed  delivered  as  intended.  Our  approach  of 
using  MLC  log-file  is  more  realistic  and  has  the  potential  to 
take  MLC  delivery  errors  into  account.  This  approach  is 
straightforward  and  easy  to  implement  in  a  clinic. 

From  the  serial  CBCTs  performed  on  the  patients,  we 
noticed  that  the  first  CBCT  provided  valuable  geometric 
information  about  the  target  and  the  patient’s  topography  at 
the  start  of  the  treatment.  The  other  two  CBCTs  monitored 
the  geometric  change  of  the  internal  anatomy  and  the  dose 
reconstruction  of  these  provided  us  the  necessary  dosimetric  in¬ 
formation  necessary  for  the  decision  of  replanning  or  reopti¬ 
mizing.  From  the  patient  study,  we  found  that  there  was  no 
significant  compromise  (<3%)  on  the  target  coverage  even 
though  there  was  evidence  of  geometric  changes  during  the 
course  of  treatment.  The  impact  of  these  geometric  changes, 
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Fig.  9.  (a)  Geometric  change  of  the  target  of  patient  B  was  noted  in  the  first  cone-beam  computed  tomography  (CBCT). 
The  CBCT  dose  reconstructions  yielded  dose  distributions  close  to  that  of  the  original  plan,  (b)  The  dose  volume  histo¬ 
grams  (DVHs)  of  the  gross  tumor  volume  (GTV)  for  the  planning  computed  tomography  (pCT)-based  and  cone-beam 
computed  tomography  (CBCT)-based  plans  essentially  overlapped,  (c)  The  coverage  of  the  planning  tumor  volume 
(PTVs)  in  the  CBCTs  were  slightly  compromised  when  compared  with  that  of  the  pCT.  The  dose  volume  histograms 
of  the  critical  organs  of  the  CBCT-based  plans  deviated  from  those  of  the  original  plan  in  various  degrees  (b)  and  (c). 
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however,  largely  affected  the  dose  deposited  to  the  critical  or¬ 
gans  in  the  vicinity  of  the  target.  This  might  be  due  to  the  steep 
dose  gradient  that  commonly  exists  between  the  target  and  the 
critical  organs  in  an  IMRT  plan,  and  any  deviated  geometric 
change,  whether  due  to  the  residual  setup  error,  tumor  shrink¬ 
age,  organ  deformation  or  patient  weight  loss,  would  result  in 
a  considerable  change  (up  to  20%)  in  the  dose  received  by  these 
critical  organs.  Another  less  subtle  reason  is  the  inaccuracy  in 
contouring  these  organs  in  the  CBCT  that  was  not  supple¬ 
mented  by  the  contrast  enhancement  or  magnetic  resonance  im¬ 
aging  (MRI)  fusion  as  the  pCT  had  been.  This  is  particularly 
cmcial  when  one  comes  to  an  organ  of  small  volume  such  as 
the  optic  nerve  or  optic  chiasm,  for  which  a  slight  error  in  con¬ 
touring  would  cause  a  drastic  change  of  the  dose  received 
(Table  1).  In  the  patients  with  targets  in  the  neck  region,  despite 
the  fact  that  there  were  marked  changes  of  the  neck  contour  on 
the  CBCTs  compared  with  the  pCT,  the  coverage  of  the  neck 
target  (PTV2)  was  not  significantly  compromised,  probably  be¬ 
cause  these  patients’  original  PTV2  had  been  markedly  modi¬ 
fied  to  be  confined  to  the  neck  and  still  received  adequate  dose 
coverage.  Because  of  the  small  number  of  patients  in  this  work, 
it  is  not  recommended  that  these  findings  be  generalized  to  the 
dosimetric  impact  of  geometric  changes.  Nevertheless,  this 
work  gives  us  some  insight  how  important  and  useful  the  on- 
treatment  serial  CBCTs  could  be  in  adapting  the  radiation  treat¬ 
ment  in  future. 
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Although  we  have  set  up  a  methodology  and  procedures  to 
reconstruct  the  IMRT  dose  on  CBCT,  we  still  face  some  prac¬ 
tical  issues  in  implementing  it  into  clinical  practice.  First,  we 
must  determine  how  many  CBCTs  should  be  taken,  and  how 
often,  so  that  a  clinically  meaningful  intervention  can  rely  on. 
The  contouring  of  the  targets  and  organs  in  all  the  CBCTs  is 
another  practical  problem  we  encounter;  until  we  have  a  reli¬ 
able  deformable  image  registration  that  can  directly  propa¬ 
gate  the  contours  from  the  pCT  to  CBCTs  (24,  25),  it  is 
difficult  to  handle  contouring  in  a  large  number  of  CBCT 
sets.  Furthermore,  it  has  always  been  technically  challenging 
to  interpret  dose  distributions  and  DVHs  and  infer  from  them 
the  cumulative  doses  from  various  sets  of  3D  patient  models 
with  changing  internal  anatomy  (26, 27).  The  DVH  definition 
may  need  to  be  redefined  to  handle  the  changing  target  (28). 
We  must  identify  predictive  indices  on  the  basis  of  all  the  do¬ 
simetric  information  gained  from  the  CBCTs  to  guide  us  in 
making  a  clinical  decision  regarding  when  and  how  a  treat¬ 
ment  can  be  adapted  appropriately  and  efficaciously  should 
the  need  arise.  All  these  factors  need  to  be  addressed  in  future 
research.  An  ideal  paradigm  that  integrates  a  seamless  work- 
flow  from  simulation  to  planning,  verification,  offline  or  on¬ 
line  replanning  (15),  and  finally  delivery  is  essential  for  the 
success  of  adaptive  radiation  therapy  (26).  This  study  has 
demonstrated  the  fundamental  steps  required  for  the  full  im¬ 
plementation  of  using  CBCT  for  this  ideal  paradigm. 


Dose  (cGy)  Dose  (cGy) 


Fig.  10.  (a)  Marked  changes  of  the  neck  contour  (white  arrows)  and  planning  tumor  volume  2  (PTV2)  were  noted  in  the 
first  cone-beam  computed  tomography  (CBCT)  of  patient  D.  The  CBCT  dose  reconstructions  otherwise  yielded  dose 
distributions  close  to  that  of  the  original  plan  when  geometric  changes  were  taken  into  account,  (b)  The  dose  volume 
histograms  (DVHs)  of  the  PTV1  for  the  planning  computed  tomography  (pCT)-  and  CBCT-based  plans  essentially  over¬ 
lapped  .  (c)  The  coverage  of  the  PTV2s  in  the  CBCT-based  plans  were  slightly  compromised  compared  with  that  of  the 
pCT-based  plan.  The  DVHs  of  the  spinal  cord  of  the  CBCT-based  plans  deviated  from  those  of  the  original  plan  (b). 
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Table  2.  Comparison  of  dosimetric  endpoints  of  the  targets  and  critical  organs  between  the  pCT-  and  the  serial  CBCT-based  plans  for 
patients  D  and  E  (prescription:  6,000  cGy  to  PTV 1  and  5,400  cGy  to  PTV2  in  30  fractions  at  200  cGy  per  fraction;  values  shown  are  for 

one  fraction) 

Patient  D  Patient  E 


Dosimetric  end 


point 

pCT 

CBCT  1 
pCT 

CBCT  2 
pCT 

CBCT?) 

pCT 

pCT 

CBCT  1 
pCT 

CBCT2 

pCT 

CBCT 3 
pCT 

PTV1,  D95 

200 

1.00 

1.00 

1.00 

_ 

_ 

_ 

_ 

(cGy) 

PTV1,  V93  (%) 

100 

1.00 

1.00 

1.00 

— 

— 

— 

— 

PTV2,  D95 

182 

0.99 

0.99 

0.99 

179 

0.98 

0.98 

0.97 

(cGy) 

PTV2,  V93  (%) 

100 

1.00 

1.00 

1.00 

100 

0.99 

1.00 

0.99 

BS,  Dmax  (cGy) 

— 

— 

— 

— 

124 

0.96 

0.97 

0.92 

SC,  Dmax  (cGy) 

135 

1.05 

1.04 

1.05 

109 

1.05 

1.04 

1.00 

Abbreviations :  BS  =  brainstem;  CBCT  =  cone-beam  computed  tomography;  D95  =  dose  to  95%  of  the  volume;  Dmax  =  maximum  dose; 
pCT  =  planning  computed  tomography;  PTV  1  =  planning  target  volume  1  (tumour  bed);  PTV2  =  planning  target  volume  2  (neck);  SC  =  spinal 
cord;  V93  =  volume  receiving  at  least  93%  of  the  prescribed  dose. 

Note:  For  each  patient,  the  first  column  lists  the  value  for  the  pCT-based  plan,  and  the  second  to  fourth  columns  show  the  ratio  of  the  values  of 
the  subsequent  CBCT-  to  pCT-based  plans  for  easier  comparison.  Blank  cells  indicate  that  the  target  or  organ  is  not  included  in  the  CBCT 
coverage. 


CONCLUSIONS 

In  this  study,  we  established  methodology  and  procedures 
to  reconstruct  the  IMRT  dose  delivered  on  the  basis  of  a  series 
of  on-treatment  CBCTs  and  the  MLC  log-files,  pragmatically 
taking  into  account  geometric  changes  of  patients’  anatomy 
over  time  and  the  potential  inaccuracy  in  the  IMRT  delivery. 


Dose  reconstruction  is  valuable  for  examining  the  actual  dose 
delivered  to  a  patient  at  a  particular  fraction.  This  maneuver 
affords  an  objective  dosimetric  basis  for  clinical  decision 
making  on  whether  replanning  or  reoptimization  is  necessary 
during  the  course  of  treatment.  It  also  provides  a  valuable 
platform  for  adaptive  radiation  therapy  in  future. 
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PHYSICS  CONTRIBUTION 


AUTOMATED  CONTOUR  MAPPING  WITH  A  REGIONAL  DEFORMABLE  MODEL 


Ming  Chao,  Ph.D.,  Tianfang  Li,  Ph.D.,  Eduard  Schreibmann,  Ph.D., 
Albert  Koong,  M.D.,  and  Lei  Xing,  Ph.D. 


Department  of  Radiation  Oncology,  Stanford  University  School  of  Medicine,  Stanford,  CA 


Purpose:  To  develop  a  regional  narrow-band  algorithm  to  auto-propagate  the  contour  surface  of  a  region  of  inter¬ 
est  (ROI)  from  one  phase  to  other  phases  of  four-dimensional  computed  tomography  (4D-CT). 

Methods  and  Materials:  The  ROI  contours  were  manually  delineated  on  a  selected  phase  of  4D-CT.  A  narrow  band 
encompassing  the  ROI  boundary  was  created  on  the  image  and  used  as  a  compact  representation  of  the  ROI  sur¬ 
face.  A  BSpline  deformable  registration  was  performed  to  map  the  band  to  other  phases.  A  Mattes  mutual  infor¬ 
mation  was  used  as  the  metric  function,  and  the  limited  memory  Broyden-Fletcher-Goldfarb-Shanno  algorithm 
was  used  to  optimize  the  function.  After  registration  the  deformation  field  was  extracted  and  used  to  transform 
the  manual  contours  to  other  phases.  Bidirectional  contour  mapping  was  introduced  to  evaluate  the  proposed  tech¬ 
nique.  The  new  algorithm  was  tested  on  synthetic  images  and  applied  to  4D-CT  images  of  4  thoracic  patients  and 
a  head-and-neck  Cone-beam  CT  case. 

Results:  Application  of  the  algorithm  to  synthetic  images  and  Cone-beam  CT  images  indicates  that  an  accuracy  of 
1.0  mm  is  achievable  and  that  4D-CT  images  show  a  spatial  accuracy  better  than  1.5  mm  for  ROI  mappings  be¬ 
tween  adjacent  phases,  and  3  mm  in  opposite-phase  mapping.  Compared  with  whole  image-based  calculations, 
the  computation  was  an  order  of  magnitude  more  efficient,  in  addition  to  the  much-reduced  computer  memory 
consumption. 

Conclusions:  A  narrow-band  model  is  an  efficient  way  for  contour  mapping  and  should  find  widespread  applica¬ 
tion  in  future  4D  treatment  planning.  ©  2008  Elsevier  Inc. 
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INTRODUCTION 

Segmentation  of  a  region  of  interest  (ROI),  such  as  a  tumor 
target  volume  or  a  sensitive  structure,  is  an  important  but 
time-consuming  task  in  radiotherapy  (1-6).  With  the  emer¬ 
gence  of  four-dimensional  (4D)  imaging  and  adaptive  radio¬ 
therapy,  the  need  for  efficient  and  robust  segmentation  tools 
is  even  increasing  (7-11).  Because  of  dramatically  increased 
numbers  of  images,  it  becomes  impractical  to  manually  seg¬ 
ment  the  ROIs  slice  by  slice  as  in  current  three-dimensional 
radiotherapy  practice.  A  natural  solution  to  the  4D  computed 
tomography  (4D-CT)  segmentation  problem  is  to  delineate 
the  ROIs  on  a  selected  phase  and  then  propagate  the  contours 
onto  other  phases  using  a  mathematical  model.  Along  this 
line,  deformable  model-based  contour  mapping  has  been 
implemented  by  a  few  groups  (12-14).  Although  feasible, 
the  calculation  is  global  in  nature  and  thus  computationally 
intensive.  In  addition,  the  accuracy  of  the  mapped  contours 
may  be  compromised  because  the  registration  may  be 


influenced  unnecessarily  by  the  image  content  distant  from 
the  ROIs,  which  would  otherwise  be  irrelevant  to  the  contour 
mapping  process.  This  is  especially  problematic  when  non¬ 
local  deformable  models,  such  as  thin  plate  spline  and  elastic 
model,  are  used.  In  general,  contour  mapping  is  a  regional 
problem,  and  a  global  association  of  the  phase-based  images 
is  neither  necessary  nor  efficient. 

Surface  mapping  techniques  (15-17)  represent  a  competi¬ 
tive  alternative  to  the  deformable  model-based  approach. 
The  idea  of  surface  mapping  is  to  obtain  contour  transforma¬ 
tion  by  iteratively  deforming  the  ROI  contour-extended  sur¬ 
face  until  the  optimal  match  with  the  reference  is  found.  The 
calculation  involves  only  the  surface  region  and  is  thus  com¬ 
putationally  efficient.  Numerous  surface  mapping  techniques 
have  been  developed  in  the  past,  which  include,  to  name 
a  few,  spatial  partitioning,  principal  component  analysis, 
conformal  mapping,  rigid  affine  transformation,  deformable 
contours,  and  warping  based  on  the  thin-plate  spline.  All  of 
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these  techniques  are  a  mapping  between  topologic  compo¬ 
nents  of  the  input  surfaces  that  allow  for  transfer  of  annota¬ 
tions.  Although  the  calculations  are  inherently  efficient,  the 
results  depend  heavily  on  the  model  used,  which  may  not 
be  generally  applicable  for  all  clinical  situations  because 
the  ROI  surface  is  multidimensional  and  hardly  modeled 
by  only  a  few  parameters. 

In  this  work,  we  present  a  novel  regional  algorithm  for  ROI 
propagation  among  different  4D-CT  phases.  The  deforma¬ 
tion  of  an  ROI  contour-extended  surface  in  our  algorithm  is 
not  driven  by  an  ad  hoc  surface-based  model  but  instead  by 
the  image  features  in  the  neighborhood  of  the  surface.  The 
underlying  hypothesis  here  is  that  information  contained  in 
the  ROI  boundary  region  is  sufficient  to  guide  the  contour 
mapping  process.  In  the  proposed  algorithm  the  neighbor¬ 
hood  image  features  of  an  ROI  are  captured  by  a  narrow 
band,  which  is  composed  of  all  points  within  two  surfaces 
with  the  signed  distances  of  =bd  from  the  ROI  boundary. 
The  algorithm  is  a  hybrid  of  the  regional  surface-based 
model  and  the  global  deformable  registration-based  ap¬ 
proach.  The  combination  takes  advantage  of  the  desirable 
features  of  each  of  these  two  techniques  and  provides  a  robust 
and  computationally  efficient  contour  propagation  tool  for 
4D  radiotherapy. 

METHODS  AND  MATERIALS 

Software  platform 

The  proposed  contour  mapping  algorithm  was  implemented  using 
the  Insight  Toolkit  (18)  and  the  Visualization  Toolkit  (19),  which 
are  open  source  cross-platform  C++  software  toolkits  sponsored 
by  the  National  Library  of  Medicine. 

Overview  of  the  mapping  process 

Figure  1  depicts  the  overall  contour  mapping  process.  For  a  given 
4D-CT  image  set,  a  selected  phase,  named  the  template  phase,  was 
selected,  and  the  ROIs  were  manually  delineated  by  a  physician.  The 
manually  outlined  contour  was  referred  to  as  the  template  contour.  A 
narrow  band  encompassing  the  template  contour  was  created  (see 
next  section  for  details).  A  deformable  mapping  was  then  carried 
out  to  propagate  the  band  from  the  template  phase  to  other  phases, 
referred  to  as  target  phases.  Upon  successful  mapping  of  the  band, 
the  deformation  field  was  used  to  transform  the  template  contour 
to  the  target  images. 

Narrow -band  representation  of  ROI  contour 

The  contour  manually  segmented  on  an  axial  slice  of  the  template 
image  has  a  polygon  shape,  and  the  vertices  of  the  polygon  form  the 
basis  for  constructing  the  narrow  band.  As  schematically  shown 
in  Fig.  2,  a  band  with  signed  distances  ±d  was  placed  along  the  tem¬ 
plate  contour.  The  regional  image  features  contained  in  the  band 
function  serve  as  a  “signature”  of  the  contour  and  drive  the  contour 
mapping  process.  The  distance  between  the  neighboring  vertices  on 
the  contour  is  typically  2-10  mm,  depending  on  the  shape  of  the 
contour.  In  generating  the  narrow  band,  we  first  created  cubes 
with  a  side  length  of  2d  around  all  the  vertices,  as  depicted  by  points 
A  and  B  in  Fig.  2.  To  obtain  a  smooth  band,  between  A  and  B  three 
more  cubes,  centered  at  points  C,  D,  and  E,  were  inserted.  Point  C 
was  chosen  to  be  the  middle  point  between  A  and  B,  point  D  the 
middle  between  A  and  C,  and  point  E  the  middle  between  C  and 
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(a) 


(b) 


Fig.  1.  Flow  chart  of  narrow  band-based  contour  mapping  proce¬ 
dure.  (a)  Overall  calculation  process,  (b)  Deformable  mapping  pro¬ 
cess  of  the  narrow  band. 

B.  More  interpolated  vertex  points  can  be  introduced  similarly 
when  needed.  Figure  3  illustrates  a  narrow  band  surrounding  the 
lung  boundary  on  the  template  phase  CT  image.  The  light  green 
area  stands  for  the  narrow  band,  and  the  green  curve  is  the  manual 
contour.  The  width  of  the  narrow  band  was  set  to  be  2d  =  15  mm 
in  our  calculations.  To  examine  the  robustness  of  the  proposed  map¬ 
ping  algorithm,  a  variety  of  other  bandwidths,  ranging  from  4  mm 
through  30  mm,  were  also  tested  for  one  of  the  clinical  cases. 

Contour  propagation 

As  illustrated  in  Fig.  1,  the  process  of  contour  mapping  is  essen¬ 
tially  to  warp  the  narrow  band  constructed  above  in  such  a  way 
that  its  best  match  in  the  target  image  is  found.  Mathematically, 
the  mapping  process  of  the  narrow  band  constitutes  an  optimization 
problem,  in  which  a  group  of  transformation  parameters  that  trans¬ 
form  the  points  within  the  band  in  the  template  phase  to  their  homol¬ 
ogous  points  in  the  target  image.  The  warping  of  the  narrow  band  is 
quantified  by  a  metric  function,  which  ranks  a  trial  matching  based  on 
the  “accordance”  level  of  the  image  content  of  the  band  and  its  cor¬ 
respondence  in  the  target  image.  The  calculation  process  is  detailed 
below. 
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Narrow  Band 


Fig.  2.  A  schematic  drawing  of  narrow-band  construction. 


The  input  to  the  contour  mapping  software  includes  the  narrow 
band  and  the  whole  target  image,  which  are  described  by  the  image 
intensity  distributions  Ia(x)  and  Ib(x),  respectively.  It  is  worth  em¬ 
phasizing  that,  even  though  the  whole  target  image  was  used,  only 
fractional  voxels  in  the  target  image  (the  voxels  encompassed  by 
the  band)  are  involved  in  each  iteration  (a  subregion  surrounding 
the  ROI  on  the  target  image  could  be  created  and  used  in  the  calcu¬ 
lation,  but  the  algorithm  converged  so  fast  that  after  two  to  three  it¬ 
erations  the  searching  was  quickly  confined  in  the  neighborhood  of 
the  optimal  solution).  The  narrow  band  acts  as  a  representation  of 
the  ROI  contour.  The  task  is  to  find  the  transformation  matrix, 
r(x),  that  maps  an  arbitrary  point  in  the  band  to  the  corresponding 
point  on  the  target  image  (or  vice  versa)  so  that  the  best  possible  cor¬ 
respondence,  as  measured  by  the  metric  function,  is  achieved.  The 
calculation  proceeds  iteratively.  A  B  Spline  deformable  model  is 
used  to  model  the  deformation  of  the  band,  but  other  models  should 
also  be  applicable.  The  spacing  between  the  BSpline  nodes  was  cho¬ 
sen  to  be  approximately  0.5  cm  (smaller  spacing  was  tested,  but  no 
significant  difference  was  found  in  the  final  registration  results).  The 
displacement  of  a  node  i  is  specified  by  a  vector  xi?  and  the  displace¬ 
ment  vectors  (20)  of  a  collection  of  nodes  characterize  the  tissue 
deformation.  The  displacement  at  a  location  x  on  the  image  is  de¬ 
duced  by  a  BSpline  polynomial  fitting. 

The  Mattes  Mutual  Information  (MMI)  (21)  was  used  as  the  met¬ 
ric  function  for  narrow-band  mapping  (22-25).  The  central  concept 


(C) 


Fig.  3.  Computed  tomographic  images  with  manual  contours  and  the  narrow  bands  for  patient  1.  The  narrow  bands  are 
shown  in  light  green  and  the  contours  are  green  curves,  (a)  Transverse  view;  (b)  coronal  view;  (c)  sagittal  view. 
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of  mutual  information  (MI)  is  the  calculation  of  entropy.  For  an  im¬ 
age  A,  the  entropy  is  defined  as 


H  A 


=  -  J pA(a)log  pA(a)da, 


where  p/fa)  (also  called  the  marginal  probability  density  function 
[PDF])  is  the  probability  distribution  of  grey  values  (image  intensi¬ 
ties),  which  is  estimated  by  counting  the  number  of  times  each  grey 
value  occurs  in  the  image  and  dividing  those  numbers  by  the  total 
number  of  occurrences.  Given  two  images,  A  and  B,  their  joint  en¬ 
tropy  is 


=  -  I  I  pAB(a,  b) log  pAB(a,  b)dadb, 

where  PAB(a,b)  is  the  joint  PDF  defined  by  a  ratio  between  the 
number  of  grey  values  in  the  joint  histogram  (feature  space)  of 
two  images  and  the  total  entries  (26).  The  mutual  information  is  gen¬ 
erally  expressed  as 

MI(A,B)  =  H(A)  +H(B)  -H(A,B). 

Mutual  information  measures  the  level  of  information  that  a  ran¬ 
dom  variable  (e.g.,  Ia(x))  can  predict  about  another  random  variable 
(e.g.,  Ib(x)).  Different  from  the  conventional  MI,  whereby  two  sep¬ 
arate  intensity  samples  are  drawn  from  the  image,  the  Mattes  imple¬ 
mentation,  MMI,  uses  only  one  set  of  intensity  to  evaluate  both  the 
marginal  and  joint  PDFs  at  discrete  positions  or  bins  that  uniformly 
spread  within  the  dynamic  range  of  the  images.  Entropy  values  were 
computed  by  summing  over  all  the  bins.  The  number  of  bins  used  to 
compute  the  entropy  in  MMI  metric  evaluation  was  chosen  to  be  30, 
and  the  number  of  spatial  samples  used  was  20,000.  Details  of  MMI 
implementation  can  be  found  in  Mattes  et  al.  (21). 

The  limited  memory  Broyden-Fletcher-Goldfarb-Shanno  algo¬ 
rithm  (L-BFGS)  (27-29)  was  used  to  optimize  the  MMI  metric  func¬ 
tion  with  respect  to  the  displacement  parameters  of  the  nodes,  { xA} , 
to  find  the  transformation  matrix  T(x)  that  relates  the  points  on 
image  A  and  image  B.  Here  we  just  briefly  show  the  algorithm. 
Starting  from  a  positive  definitive  approximation  of  the  inverse 
Hessian  H0  at  x0,  L-BFGS  derives  the  optimization  variables  by 
iteratively  searching  through  the  solution  space.  At  an  iteration  k, 
the  calculation  proceeds  as  follows:  [1]  determine  the  descent 
direction  =  —  HkVf(xk);  [2]  line  search  with  a  step  size 
otk  =  (xfc  +  op*),  where  a  is  the  step  size  defined  in  the  L- 

BFGS  software  package;  [3]  update  xk+1  =  xk  +  ak  pk ;  and  [4]  com¬ 
pute  Hk+1  with  the  updated  Hk  . 

At  each  iteration  a  backtracking  line  search  is  used  in  L-BFGS  to 
determine  the  step  size  of  movement  to  reach  the  minimum  of  / 
along  the  ray  xk  +  a:pk.  For  convergence  a  has  to  be  chosen  such 
that  a  sufficient  decrease  criterion  is  satisfied,  which  depends  on 
the  local  gradient  and  function  value  and  is  specified  in  L-BFGS 
by  the  Wolfe  conditions  (27).  During  the  course  of  optimization, 
the  above  iterative  calculation  based  on  L-BFGS  algorithm  con¬ 
tinues  until  the  following  stopping  criterion  is  fulfilled: 

jlfyfr*)  n2  <£ 

max(l,  \\xk\\2) 

or  a  pre-set  maximum  number  of  iterations  is  reached.  In  this  study 
we  set  e  =  106  and  the  iteration  number  to  200,  but  no  more  than  100 
iterations  were  exceeded  in  all  our  calculations  for  the  algorithm  to 
converge. 


Evaluation  of  algorithm  performance 

Evaluation  of  a  contour  mapping  algorithm  is  a  difficult  task  be¬ 
cause  of  the  lack  of  the  ground  truth  for  comparison.  A  straightfor¬ 
ward  means  of  evaluation  is  the  visual  inspection  of  the  mapped 
contours.  In  addition  to  this,  evaluation  based  on  synthetic  images 
(digital  phantoms)  is  also  commonly  used.  The  images  and  existing 
contours  are  distorted  with  preset  deformation  fields.  Because  the 
gold  standard  is  known,  a  direct  comparison  with  the  mapped  con¬ 
tour  is  made  so  as  to  assess  the  propagation  algorithm  quantitatively. 
Beside  these  two  methods,  we  further  performed  a  bidirectional 
mapping  to  evaluate  the  proposed  algorithm.  In  this  test,  the  reverse 
of  the  original  contour  mapping  was  performed:  the  mapped  con¬ 
tours  on  the  target  phase  were  treated  as  the  template  contours  and 
mapped  back  to  the  original  template  phase.  The  contours  so  ob¬ 
tained  were  then  compared  with  the  original  manual  contours,  and 
the  difference  between  the  two  sets  of  contours  was  quantified. 
The  difference  between  the  resultant  and  template  contours  was 
measured  in  terms  of  the  displacements  of  the  vertex  points  on  the 
two  contours.  The  last  yet  pragmatic  evaluation  of  the  algorithm  per¬ 
formance  on  patient’s  study  was  based  on  the  physician’s  manual 
contours. 

Case  study 

Four  thoracic  cancer  patients,  named  as  patient  1 , 2, 3,  and  4,  were 
first  used  to  test  the  proposed  algorithm.  These  patients  underwent 
4D-CT  scans.  The  4D-CT  images  were  acquired  with  a  GE  Discov- 
ery-ST  CT  scanner  (GE  Medical  System,  Milwaukee,  WI).  The  col¬ 
lected  data  were  sorted  into  10  phase  bins.  The  ROIs  on  the  template 
phase  were  manually  segmented  by  a  physician.  Specifically,  for  pa¬ 
tients  1  and  2,  the  inhale  phase  was  chosen  for  manual  segmentation, 
and  for  patients  3  and  4,  the  exhale  phase.  Different  ROIs  were  used 
to  better  evaluate  the  algorithm.  Lungs  were  selected  from  patients 
1,  2,  and  3  and  gross  tumor  volume  (GTV)  from  patient  4.  Figure  3 
illustrates  the  manual  contour  and  narrow  band  representation  for 
the  lung  from  patient  1 .  Contour  is  shown  in  the  green  curve  together 
with  the  regional  narrow  bands  (light  green  area)  on  the  transverse, 
coronal,  and  sagittal  views  (Figs.  3a,  3b,  and  3c,  respectively). 

To  further  assess  the  robustness  of  the  proposed  algorithm,  we 
also  carried  out  the  contour  propagation  calculation  from  planning 
CT  to  Cone-beam  CT  (CBCT)  for  a  head-and-neck  case.  The 
CBCT  images  were  acquired  using  the  Varian  Trilogy  system  (Var- 
ian  Medical  Systems,  Palo  Alto,  CA). 

RESULTS 


Convergence  analysis 

To  better  illustrate  the  iterative  process  of  the  contour 
propagation,  in  Fig.  4  the  MMI  metric  as  a  function  of  itera¬ 
tion  step  is  plotted  for  the  narrow  band  mapping  from  the  first 
phase  (inhale  phase)  to  the  other  nine  phases  for  the  first  tho¬ 
racic  patient.  In  all  nine  calculations  it  is  seen  that  the  metric 
value  decreases  monotonically  as  the  iteration  proceeds. 
However,  the  number  of  iterations  needed  for  the  algorithm 
to  find  the  optimal  solution  varies.  It  is  interesting  to  observe 
that,  for  an  “easier”  mapping  whereby  the  deformation  be¬ 
tween  the  two  phases  is  small,  the  number  of  iterations 
required  is  less,  whereas  for  “tougher”  ones  with  larger  dif¬ 
ferences  in  ROI  shapes,  the  required  number  of  iterations  in¬ 
creases  drastically.  Indeed,  from  Fig.  4  it  is  seen  that  the 
minimum  number  of  iterations  required  for  the  metric  to  sat¬ 
urate  occurs  when  mapping  the  phase  1  to  the  adjacent 
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Fig.  4.  Narrow-band  metric  values  as  a  function  of  iteration  step 
when  mapping  the  narrow  band  from  phase  1  to  the  other  nine 
phases  of  the  four-dimensional  computed  tomography. 


phases,  2  and  10.  For  other  mapping,  the  required  iteration  in¬ 
creases  and  reaches  its  largest  value  for  the  “toughest”  map¬ 
ping  between  inhale  and  exhale  (phase  5)  phases. 

In  the  above  analysis,  the  bandwidth  was  set  to  be  15  mm. 
The  performance  of  the  proposed  algorithm  was  also  evalu¬ 
ated  by  varying  the  width  in  the  range  of  4  mm  and  30 
mm.  Specifically,  we  tried  the  widths  of  4  mm,  8  mm,  10 
mm,  15  mm,  20  mm,  and  30  mm.  Our  results  revealed  that, 
when  the  band  was  too  narrow  (e.g.,  4  mm),  the  mapping 
may  fail  locally  at  a  place  not  containing  sufficient  neighbor¬ 
hood  image  features.  The  situation  is  improved  dramatically 
as  the  bandwidth  increases.  For  all  the  clinical  cases  studied 
here,  no  single  failure  was  observed  for  a  width  of  15  mm. 
When  the  width  is  too  large,  the  whole  ROI  will  be  included 
in  the  band.  In  this  situation,  the  mapping  becomes  equiva¬ 
lent  to  registering  the  whole  image  and  the  advantage  of 
the  narrow  band  will  be  overshadowed  by  the  dramatically 
increased  memory  and  computing  costs.  Our  experience  indi¬ 
cates  that  a  width  of  10-15  mm  provides  a  fine  balance 
between  the  computational  accuracy  and  the  associated  cost. 

We  found  that  the  overall  computing  time  was  increased 
by  roughly  an  order  of  magnitude  when  going  from  the  nar¬ 
row  band  approach  to  the  conventional  deformable  model- 
based  contour  mapping,  say,  approximately  3  min  for  narrow 
band-based  mapping  vs.  approximately  25  min  for  whole 
image-based  mapping.  The  dramatically  increased  computer 
memory  requirement  in  the  latter  case  also  posts  a  serious 
problem  when  developing  a  clinically  practical  contour  prop¬ 
agation  method  for  4D  radiotherapy. 


Algorithm  performance  evaluation 

In  addition  to  visual  inspect,  the  proposed  algorithm  was 
assessed  by  a  series  of  synthetic  images  or  digital  phantoms. 
Typically,  a  thoracic  CT  image  together  with  the  contour  was 
distorted  with  the  intentionally  introduced  deformation,  and 
then  the  contour  was  propagated  onto  the  distorted  image. 


A  quantitative  comparison  was  carried  out.  The  mean  and 
maximum  separation  between  the  gold  standard  and  the  map¬ 
ped  contours  were  found  to  be  1.0  mm  and  1.5  mm,  respec¬ 
tively.  Figure  5  shows  one  example  of  digital  phantom 
experiments. 

The  performance  of  the  proposed  algorithm  was  further 
evaluated  by  the  bidirectional  mapping  calculation  outlined 
in  Methods  and  Materials.  A  template  contour  at  phase  1 
was  first  mapped  to  phases  3  and  6.  The  mapped  contours 
were  then  treated  as  the  “starting  contours”  and  mapped 
back  to  phase  1 .  The  two  back-mapped  contours  were  com¬ 
pared  with  the  original  template  contour.  The  displacement 
of  each  back-mapped  vertex  point  relative  to  its  original  loca¬ 
tions  was  computed,  and  a  mean  value  of  0.8  mm  was  found 
for  the  bidirectional  mapping  between  phases  1  and  3  and  1.8 
mm  between  phases  1  and  6.  The  larger  displacement  in  the 
latter  situation  was  due  to  the  fact  that,  computationally,  it  is 
more  difficult  to  map  between  two  opposite  phases,  such  as 
inhale  and  exhale  phases,  owing  to  larger  organ  deforma¬ 
tions.  Overall,  the  observed  displacement  is  comparable  to 
the  pixel  size,  indicating  that  the  mapping  is  accurate  and 
robust. 


Thoracic  patient  study  results 

Figure  6  shows  the  contour  mapping  results  for  the  first 
clinical  case.  The  results  are  presented  in  axial,  coronal, 
and  sagittal  planes  for  phases  2  (Fig.  6a-c),  6  (Fig.  6d-f),  8 
(Fig.  6g-i),  and  10  (Fig.  6j-l).  For  phases  2  and  10,  which 
are  immediately  adjacent  to  the  inhale  phase,  the  deformation 
is  relatively  small  and  the  mapped  contours  conform  to  the 
ROI  boundary  very  well.  This  represents  the  “easy”  map¬ 
ping  situation  and  is  consistent  with  the  analysis  presented 
above.  The  average  error  was  less  than  1.5  mm.  For  a  “re¬ 
mote”  phase,  such  as  phase  6  shown  in  Fig.  6d-f,  more 


Fig.  5.  Synthetic  image  and  overlaid  contours.  The  original  contour 
is  depicted  in  green,  gold  standard  contour  in  blue,  and  the  mapped 
contour  in  red. 
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Fig.  6.  Computed  tomographic  images  and  mapped  contours  for  thoracic  patient  1.  Displayed  are  selected  phases.  From 
the  top  row  to  bottom,  phases  2,  6,  8,  and  10  are  presented,  respectively.  For  each  phase,  transverse,  coronal,  and  sagittal 
views  are  shown  from  left  to  right. 


iterations  were  entailed  to  find  the  optimal  solution,  and  the 
resultant  contours  tend  to  be  worse  as  compared  with  those 
phases  adjacent  to  phase  1.  According  to  the  bidirectional 
mapping,  the  average  mapping  error  for  phase  6  was  esti¬ 
mated  to  be  less  than  3  mm.  The  mapped  GTV  contours  (in 
red)  together  with  manual  contours  (in  blue)  by  a  physician 


for  phases  1,  4,  8,  and  10  in  the  study  of  patient  4  are  shown 
in  Fig.  7  (parts  a,  b,  d,  and  e,  respectively).  The  template 
phase  (phase  6)  with  the  template  manual  contour 
(in  green)  is  shown  in  Fig.  7c.  In  addition,  the  template  man¬ 
ual  contour  from  this  phase  was  overlaid  on  all  the  displayed 
phases.  For  phases  4  and  8  the  deformation  was  relatively 
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Fig.  7.  Axial  view  of  computed  tomographic  images  with  gross  tumor  volume  contours  for  the  fourth  thoracic  patient,  (a), 
(b),  (c),  (d),  and  (e)  correspond  to  phases  1, 4, 6  (template  phase),  8,  and  10,  respectively.  The  green  curves  are  the  manually 
outlined  template  contour  from  phase  6,  and  the  red  curves  represent  the  contours  after  warping.  The  manual  contours  (in 
blue)  by  a  physician  on  individual  phases  were  also  displayed. 


small  (the  manual  contour  was  delineated  on  phase  6),  and 
fewer  iterations  were  needed  to  find  the  optimal  bands  on 
the  target  images.  For  phases  1  and  10,  whereby  deformation 
was  significant  in  the  ROIs  although  more  computing  load 
was  necessary,  a  good  result  was  still  achieved  with  our  nar¬ 
row-band  technique.  Comparisons  between  the  mapped  con¬ 
tours  and  the  manually  segmented  contours  by  physicians  for 
these  patients  were  also  performed,  and  results  revealed 
a  similar  level  of  accuracy  (maximum  and  mean  values  of 
the  discrepancy  between  the  two  sets  of  contours  are  2.8 
mm  and  -0.9  mm,  respectively). 

As  a  useful  application  of  the  proposed  technique,  in  Fig.  8 
we  present  the  mean  and  maximum  lung  displacements  of 
contour  vortices  for  each  breathing  phase  relative  to  their  lo¬ 
cations  on  the  template  phase.  As  seen  in  Fig.  8,  the  overall 
behavior  of  the  mean  and  maximum  displacements  is  consis¬ 
tent  with  our  intuitive  expectation.  For  cases  1  and  2,  the  in¬ 
hale  phase  (phase  1)  was  manually  segmented,  thus  the 
displacement  for  that  phase  is  zero.  For  other  phases,  both 
mean  and  maximum  displacement  values  vary  with  the 
breathing  phase  and  reach  their  maxima  at  the  opposite 
phase.  For  case  3  the  exhale  phase  was  manually  segmented, 
and  the  behavior  was  thus  opposite  to  cases  1  and  2.  In  gen¬ 
eral,  an  average  displacement  of  approximately  3  mm  was 
found  for  inhale  and  exhale  phases.  A  slight  digression  is  no¬ 
ticed  in  phase  7  of  patient  1,  which  may  be  caused  by  4D-CT 
binning  artifacts.  This  type  of  data  is  particularly  useful  in 
determining  the  patient-specific  tumor  margin  to  account 
for  breathing  motion  of  the  tumor  target. 


Contour  propagation  in  a  head-and-neck  case 

The  results  of  contour  mapping  for  the  head-and-neck  case 
are  summarized  in  Fig.  9.  Figure  9a  shows  the  planning  CT 
along  with  manually  delineated  contours,  and  Fig.  9b  dis¬ 
plays  the  mapped  contours  of  the  body,  mandible,  and 
GTV  on  CBCT.  For  body  and  mandible  a  simple  rigid  map¬ 
ping  is  enough  to  achieve  high  accuracy.  For  the  GTV,  how¬ 
ever,  the  proposed  deformable  registration  model  was 
necessary  to  adequately  propagate  the  contour.  A  visual 
inspection  of  the  propagated  contours  suggests  that  the  map¬ 
ping  is  clinically  acceptable. 

DISCUSSION 

Four-dimensional  CT  image  segmentation  represents 
a  necessary  step  in  constructing  a  4D  patient  model  and  com¬ 
puting  the  accumulated  dose  in  4D  radiotherapy.  A  natural 
way  to  tackle  the  problem  is  to  auto-map  the  manually  delin¬ 
eated  contours  on  one  of  the  phases  to  the  remaining  phases. 
In  this  work,  a  regional  computing  algorithm  was  introduced 
to  deal  with  the  issue.  The  approach  relies  on  the  assumption 
that  a  narrow  band  surrounding  the  manually  segmented  con¬ 
tour  can  capture  sufficient  information  to  drive  the  finding  of 
its  counterparts  in  other  phases  of  the  4D-CT.  Obviously,  this 
assumption  is  valid  when  the  band  is  sufficiently  wide  so  that 
a  large  number  of  voxels  are  involved  in  the  registration  cal¬ 
culation.  As  demonstrated  by  the  presented  data,  the  registra¬ 
tion  and  the  mapping  are  reliable  when  the  bandwidth  is 
larger  than  4  mm.  Computationally,  the  proposed  approach 
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Fig.  8.  Displacement  of  region  of  interest  boundary  points  as  a  function  of  respiration  phase  for  three  thoracic  patients,  (a) 
Mean  displacement  vs.  phase,  (b)  Maximum  displacement  vs.  phase.  4D  CT  =  four-dimensional  computed  tomography. 


resides  between  a  deformable  model-based  mapping  and 
a  surface  model-based  ROI  contour  mapping. 

The  success  of  the  image  content-based  approaches,  such 
as  the  proposed  narrow-band  approach  or  conventional  de¬ 
formable  image  registration,  arises  from  the  fact  that  they 
fully  utilize  the  inherent  image  features  of  the  two  input  im¬ 
ages.  The  narrow  band-based  technique  is  particularly  attrac¬ 
tive  because  it  takes  advantages  of  the  useful  features  of  both 
image  content-based  technique  and  the  regional  surface- 
based  model.  In  a  sense,  it  is  a  hybrid  approach  of  the  two  dis¬ 
tinct  types  of  algorithms.  The  narrow-band  approach  utilizes 
the  imaging  features  surrounding  the  ROI  to  guide  the  search 
of  the  optimal  mapped  contours  while  considering  the  shape 
integrity  of  the  ROI  surface.  It  eliminates  the  need  for  a  global 


registration  of  the  input  images  and  thus  greatly  increases  the 
computational  efficiency. 

Application  of  the  proposed  contour  mapping  technique  to 
five  clinical  cases  indicates  that  the  technique  is  accurate  and 
computationally  efficient.  A  common  problem  in  image 
segmentation  and  contour  mapping  studies  is  the  lack  of 
quantitative  validation.  In  the  studies  of  Lu  et  al.  (13)  and 
Schriebmann  et  al.  (14),  for  example,  the  accuracy  of 
a  deformable  model-based  contour  mapping  technique  was 
evaluated  purely  on  the  basis  of  visual  inspection.  Although 
it  is  a  convenient  way  for  rapid  assessment  of  a  segmentation 
calculation,  especially  in  a  case  in  which  the  “ground  truth” 
contours  do  not  exist,  the  method  falls  short  in  quantization. 
The  same  approach  was  used  in  many  other  previous 


Fig.  9.  Contour  propagation  in  a  head-and-neck  case,  (a)  Planning  computed  tomography  with  manually  outlined  template 
contours  (in  blue)  for  body,  mandible,  and  gross  tumor  volume,  (b)  Cone-beam  computed  tomography  along  with  contours 
after  warping  (in  red)  for  the  corresponding  structures. 
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investigations  (1,  5, 14,  30).  In  this  study,  a  bidirectional  con¬ 
tour  mapping  was  proposed  to  examine  the  reliability  and  ro¬ 
bustness  of  a  contour  mapping  technique.  This  method 
provides  a  useful  test  in  assessing  the  success  of  a  contour 
propagation  algorithm.  We  would  like  to  point  out  that  the  bi¬ 
directional  mapping  technique  introduced  in  this  work  is 
a  necessary  (but  not  sufficient)  test.  In  a  rare  but  possible  sit¬ 
uation,  the  bidirectional  mapping  may  not  be  able  to  find  that 
an  error  occurred  in  the  narrow-band  mapping  process.  A  vi¬ 
sual  inspection  of  the  mapped  result  may  help  in  this  situa¬ 
tion.  On  the  basis  of  the  bidirectional  mapping  experiments 
and  visual  inspection  for  the  patient  studies,  we  conclude 
that  the  proposed  approach  can  perform  very  well  even  in 
the  presence  of  significant  deformations. 

In  our  calculation,  we  observed  that  the  regular  grid  of 
B  Spline  control  points  could  be  mapped  to  a  region  outside 
the  narrow  band.  Although  it  seems  that  this  does  not  directly 
affect  the  accuracy  of  the  method,  it  may  prolong  the  calcu¬ 
lation  by  computing  the  displacements  in  regions  where  met¬ 
ric  information  is  irrelevant.  Setups  have  been  proposed  to 
adapt  the  splines  control  mesh  to  regions  where  deformation 
is  found  to  be  significant  (31),  and  the  extension  of  the 
method  would  allow  us  to  use  the  B  Spline  control  points  de¬ 
fined  only  in  the  regions  within  the  narrow  band.  Implemen¬ 
tation  of  this  type  of  technique  should  further  reduce  the 
computation  time  required  to  find  the  optimal  solution. 

Although  there  are  numerous  deformable  algorithms,  in¬ 
cluding,  for  example,  the  elastic  model  (32-34),  viscous  fluid 
model  (35),  optical  flow  model  (5,30,36),  finite  element 
model  (33,  37),  and  radial  basis  function  models  such  as 
the  basis  spline  model  (28,  38,  39)  and  thin  plate  spline  model 
(40-43),  a  truly  robust  tool  suitable  for  routine  clinical  appli¬ 
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cations  is  yet  to  be  developed.  Each  of  these  approaches  has 
its  pros  and  cons.  The  deformable  calculation  can  be  greatly 
facilitated  if  some  a  priori  system  information  can  be  incor¬ 
porated.  Along  this  line,  the  homologous  correspondence  of 
the  bony  structure  in  two  input  images  has  been  incorporated 
in  thin  plate  spline  method,  and  remarkable  improvement  has 
resulted  (44).  The  narrow  band-generated  ROI  contour  cor¬ 
respondence  could  also  be  used  as  prior  knowledge  to 
improve  a  deformable  registration.  This  work  is  still  in  prog¬ 
ress  and  will  be  reported  in  the  future. 

CONCLUSIONS 

In  this  work  we  have  developed  a  regional  deformable 
registration-based  method  to  auto-propagate  contours  for 
4D  radiotherapy.  The  central  idea  is  that  a  narrow  band 
encompassing  an  ROI  surface  carries  the  neighborhood  in¬ 
formation  of  the  ROI  surface  and  can  be  used  to  establish 
a  reliable  association  between  the  ROIs  in  two  phase-specific 
image  sets.  Different  from  other  type  of  regional  algorithms, 
such  as  surface  mapping,  the  method  uses  the  image  features 
captured  in  a  band  to  guide  the  search  for  the  optimal  contour 
mapping.  Compared  with  conventional  deformable  image 
registration-based  approaches,  a  great  reduction  in  computa¬ 
tional  burden  and  a  large  capture  radius  in  optimization  space 
result.  Our  study  demonstrated  that  the  information  contained 
in  the  boundary  region  can  be  used  to  guide  the  contour  map¬ 
ping  in  all  the  testing  cases  presented  in  this  article.  The  pro¬ 
posed  regional  model  decreases  the  workload  involved  in 
4D-CT  ROI  segmentation  and  provides  a  valuable  tool  for 
the  efficient  use  of  available  spatial-temporal  information 
for  4D  simulation  and  treatment  planning. 
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ll  is  arguable  that  tho  imaging  and  delivery  hardware  necessary  for  delivering  real-time 
adaptive  image -gu  ided  radiotherapy  is  available  on  high-end  linear  accelerators.  Robust 
and  computationally  efficient  software  is  the  limiting  factor  in  achieving  highly  accurate  and 
precise  radiotherapy  to  the  constantly  changing  anatomy  of  a  cancer  patient.  The  limita¬ 
tions  are  not  caused  by  the  availability  of  algorithms  but  rather  issues  of  reliability, 
integration,  and  calculation  time.  However,  each  of  the  software  components  is  an  active 
area  of  research  and  development  at  academic  and  commercial  centers  This  article  describes 
the  software  solutions  in  4  broad  areas  deformable  image  registration,  adaptive  replanning, 
real-time  image  guidance,  and  dose  calculation  and  accumulation.  Grven  the  pace  of 
technological  advancement,  the  integration  of  these  software  solutions  to  develop  real-time 
adaptive  image-guided  radiotherapy  and  the  associated  challenges  they  bring  will  be 
implemented  to  varying  degrees  by  all  major  manufacturers  over  the  coming  years, 
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That  are  3  main  Mages  in  the  radiotherapy  process  in 
JL  which  icchnukigy  and  the  patient  interact  the  imaging, 
planning,  and  deliver)  stages,  hgure  1  schematically  shows 
these  stages  and  how  the  basic  radiotherapy  process  changes 
with  the  addition  of  image  guidance  and  treatment  adapta¬ 
tion  Alihough  the  timescales  change  and  feedback  loops  are 
added  with  image  guidance  and/or  treatment  adaptation,  the 
basic  processes  do  not  change.  Currently  available  imaging 
planning,  and  treatment  systems  are  capable  of  executing  (he 
(asks  required  lor  image -guided  adaptive  radiotherapy.  In 
the  simplest  form  of  image- guided  radiotherapy,  the  most 
recent  set  of  patient  images  is  used  (or  paiicm  alignment* 
replacing  the  original  image  used  (or  planning  with  a  better 
estimate  of  the  current  anatomy  for  target  localization  In  the 
simplest  form  of  adaptive  radiotherapy,  rhe  most  recently 
acquired  images  are  used  to  replan  the  remaining  treatment. 
Thus,  the  processes  have  not  changed,  what  has  changed  is 
the  timescale  on  which  to  perform  thea*  processes  and  the 
number  of  times  these  processes  need  to  be  repeated  Given 
the  demands  on  time  and  resources  to  repeat  processes,  solt- 
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ware  solutions  io  automate  procedures  such  as  structure  seg- 
menunon,  deformable  registration,  adaptive  replanning  and 
treat  mem  device  adaptation  arc  needed. 

This  artic  le  describes  software  solutions  for  real-time  adap¬ 
tive  image-guided  radiotherapy  (RAIR)  about  a  common 
framework  in  radiotherapy  planning  based  on  anatomic 
space  x  given  the  imaged  anatomy  ftxX  the  estimated  pre¬ 
scribed  dose.  Dfr  is  that  computed  for  a  given  beam  lluence 
'J'a 

=  J(x|V  f(x)),  (1) 

tic,  the  prescribed  dose  10  the  pmicm  is  ihc  dose  computed 
for  a  planned  delivery  sequence  on  the  computed  tomogra¬ 
phy  |CT|  image  of  the  patient  anatomy).  When  accounting 
for  anatomic  change'  over  time  i  (including  inter-  and  In* 
t infraction  motion),  the  estimated  delivered  dose  is  com- 
puicd  on  a  changing  anatomy.  Kx.O  (Kote  the  addition  ol 
the  dependence  on  L)  The  beam  Oucncc  ♦(t)  cun  in  general 
be  time  dependent  and  will  be  for  both  adaptive  radiotherapy 
(ART!  and  strategies  in  which  the  radiation  beam  is  adjusted 
in  real-time  based  on  the  estimated  anatomic  motion  and 
thus  lor  RAIK  To  correctly  integrate  the  dose  for  a  given 
voxel,  the  itmc -dependent  displacement  vector  held  from  the 
deformable  image  registration  algorithm  utx.0,  is  also 
needed  Thus,  the  estimated  delivered  total  dose  D  from  the 
treatment  initiation  to  the  end  of  the  final  treatment  Irom  a 
sequence  of  dose  deliveries  dlxl4rU).  Kx.0],  noting  that  ¥(t) 
» til  obviously  be  zero  when  the  beam  is  off,  is  as  follows: 
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ABSTRACT 

Purpose:  To  report  the  characteristics  of  prostate  motion  as  tracked  using  implanted 
fiducials  during  hypotractionated  radiotherapy  treatments  with  CyberKnife. 

Methods  and  Materials:  Twenty-one  patients  from  Jan.  10,  2005  to  Sep.  10,  2007  with 
prostate  cancer  treated  using  CyberKnife  system  were  retrospectively  selected  for  this 
study.  They  were  treated  with  a  hypofractionated  protocol,  consisting  of  five  fractions  of 
6.25  Gy  delivered  over  1 .5  weeks  to  a  total  dose  of  3 1 .25  Gy.  The  CyberKnife  uses  a 
stereoscopic  X-ray  system  to  obtain  the  position  of  the  prostate  target  through  the 
monitoring  of  implanted  gold  fiducial  markers.  In  pre-treatment  patient  positioning,  the 
deviation  of  the  target  relative  to  the  planning  position  is  corrected  by  moving  the 
treatment  couch.  During  the  treatment,  the  deviation  is  examined  every  3-4  nodes  (~40  s 
interval)  and  compensated  by  the  robot.  If  there  is  significant  deviation  from  the  original 
step,  the  treatment  is  paused  while  the  patient  is  repositioned  by  moving  the  couch.  The 
prostate  displacement  calculated  from  X-ray  images  acquired  within  the  time  interval 
between  two  consecutive  couch  motions  constitute  a  data  set. 

Results:  A  total  of  427  data  sets  and  4439  time  stamps  of  X-ray  images  were  analyzed  in 
this  study.  The  average  duration  for  each  data  set  is  697  s.  Almost  all  these  cases  show  a 
certain  degree  of  prostate  movement.  The  spread  of  prostate  position  increases  as  the  time 
elapses.  At  30  s,  a  motion  larger  than  2mm  exists  in  about  ~5%  of  data  sets.  The 
percentage  is  increased  to  8%,  11%,  and  14%  at  60s,  90  s,  and  120  s,  respectively. 
Similar  trend  happens  for  other  values  of  prostate  motion.  For  example,  a  motion  larger 
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than  4mm  occur  in  ~2%,  3%,  3.5%,  and  5%  of  the  data  sets  at  30s,  60  s,  90s,  and  120  s, 
respectively. 

Conclusions:  The  prostate  target  moves  significantly  and  unpredictably  during  the 

hypofractionated  treatment.  Effective  means  of  compensating  the  intra-fractional 
movement  is  critical  to  ensure  adequate  dose  coverage  of  the  tumor  target. 

Key  words:  CyberKnife,  Prostate  cancer,  Fiducial  markers,  Localization,  Real-time 
tracking 
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INTRODUCTION 

Prostate  cancer  is  the  most  common  cancer  among  American  men,  with  an 
estimated  232,000  new  cases  diagnosed  in  the  United  States  each  year.  The  condition 
claims  the  lives  of  30,000  men  annually,  making  it  the  second  leading  cause  of  cancer 
death  among  American  men.  Radiotherapy  is  an  established  standard  modality  for  the 
treatment  of  localized  prostate  cancer.  Recent  randomized  studies  for  patients  with 
localized  prostate  cancer  confirm  that  improved  biochemical  failure-free  survival  was 
achieved  by  using  higher  doses  of  external  beam  radiotherapy  (RT)(l-3).  Although 
higher  dose  is  good  for  eradicating  the  tumor,  it  also  carries  higher  risk  of  complications 
to  bladder  and  rectum(4).  Margin  is  required  when  planning  a  radiotherapy  plan  for 
prostate  because  prostate  moves  both  intrafractionally  and  interfractionally.  Knowing  the 
extent  of  prostate  movement  during  a  fractionated  or  hypofractionated  treatment  is 
necessary  to  reduce  the  treatment  margin  to  facilitate  prostate  dose  escalation  (5,  6).  A 
number  of  techniques  have  been  developed  for  measuring  set-up  variations  and  internal 
organ  motions  for  individual  patients  from  day-to-day  and  during  a  fractional  treatment 

(7). 

Ultrasound  has  been  a  useful  tool  for  prostate  target  localization  (8-10).  Fung  et 
al.  (8)  analyzed  the  data  of  7825  daily  fractions  of  234  prostate  patients  and  indicated 
average  3D  inter-fractional  displacement  of  about  7.8  mm.  EPID  and/or  on-board  kV  X- 
ray  imaging  of  implanted  fiducials  is  also  widely  used  for  initial  setup  of  the  prostate 
patients  (11-19).  A  recent  development  is  the  electromagnetic  positioning  and 
continuous  monitoring  system  from  Calypso  Medical  Technologies  (Seattle,  WA)  (20- 
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22).  The  difference  between  skin  mark  vs.  the  Calypso  System  alignment  was  found  to 
be  >5  mm  in  vector  length  in  more  than  75%  of  fractions.  Displacements  >3  and  >5  mm 
for  cumulative  durations  of  at  least  30  s  were  observed  during  41%  and  15%  of  sessions. 
In  individual  patients,  the  number  of  fractions  with  displacements  >3  mm  ranged  from 
3%  to  87%;  whereas  the  number  of  fractions  with  displacements  >5  mm  ranged  from  0% 
to  56%. 

At  our  institution,  CyberKnife  has  been  employed  for  a  phase  1  hypofractionated 
treatment  of  prostate  cancer.  By  frequent  stereoscopic  X-ray  imaging  of  implanted 
fiducials,  the  system  provides  an  effective  way  to  monitor  the  position  of  the  prostate 
target  during  a  hypofractionated  treatment  and  adaptively  adjust  the  radiation  beam  (23, 
24).  The  system  records  the  position  of  the  center  of  the  mass  of  the  implanted  fiducials 
as  estimated  from  each  pair  of  stereoscopic  images  during  treatment,  thus  providing  a 
valuable  set  of  data  for  us  to  better  understand  the  intrafractional  movement  of  the 
prostate.  In  this  study,  we  analyze  4439  time  stamps  recorded  by  CyberKnife  for  21 
prostate  patients.  In  addition  to  the  technical  difference  in  monitoring  the  implanted 
fiducials,  a  major  feature  here  is  that  the  time  span  of  tumor  motion  monitoring  is 
significantly  longer  as  compared  to  the  Calypso  data  (2000  s  for  current  study  vs  600  s 
for  Calypso  tracking).  The  study  sheds  useful  insight  into  the  feature  of  intra-ffactional 
prostate  motion  and  re-emphasizes  the  need  for  an  effective  means  of  compensating  the 
intra-ffactional  prostate  movement  to  ensure  adequate  dose  coverage  of  the  tumor  target. 
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MATERIALS  AND  METHODS 

Accuray  CyberKnife  can  track  using  4  modes:  6D  skull  tracking  for  brain,  X-sight 
tracking  for  spine,  fiducial  tracking  for  extracranial  (such  as  prostate  and  lung),  and 
Synchrony  to  account  for  respiratory  motion.  Fiducials  must  be  rigidly  fixed  no  more 
than  5  -  6  cm  relative  to  a  known  reference  or  relative  to  the  tumor.  Any  fiducial 
migration  will  degrade  the  accuracy  of  fiducial  based  targeting.  Commonly,  three 
fiducials  are  used  for  prostate  cancer  treatment.  They  are  5.0  mm  gold  seeds,  at  least  2  - 
3  cm  apart  from  each  other  to  minimize  uncertainty  in  measuring  rotations. 

The  patient  setup  and  treatment  delivery  process  is  illustrated  in  Fig.  1.  First,  x- 
ray  images  are  acquired  before  treatment.  The  system  determines  the  absolute  position  of 
the  target  volume  via  image-to-DRR  (digitally  reconstructed  radiograph)  registration. 
The  three-dimensional  translation  and  rotation  deviation  of  the  target  from  the  planned 
position  is  calculated.  The  treatment  starts  if  the  computed  shift  is  less  than  a  pre-set 
threshold.  In  this  case,  the  incident  beam  automatically  adjusts  itself  to  compensate  for 
the  deviation.  The  CyberKnife  system  can  perform  up  to  10  mm  translational  correction, 
1  degree  rotational  correction  in  pitch  and  roll,  and  3  degrees  in  yaw.  However,  the 
larger  the  deviation,  the  larger  is  the  uncertainty  in  the  accuracy  of  the  robot  correction. 
Therefore  it  is  recommended  that  the  deviation  during  treatment  be  kept  to  minimum.  At 
Stanford  a  threshold  of  1  mm  and  1  degree  is  normally  used.  If  this  threshold  is  not  met, 
therapist  moves  the  couch  and  acquires  the  x-ray  images  again  until  the  shift  is  less  than 
the  threshold.  During  the  beam  delivery,  x-ray  images  are  acquired  every  3  nodes  about 
40  s  interval.  The  shift  of  x-ray  images  from  the  planning  CT  is  monitored  in  real-time. 


Xie  8 


If  the  shift  is  more  than  the  hardware  limitation,  which  is  10  mm,  the  treatment  will  be 
stopped  and  the  couch  is  moved  until  the  shift  is  below  the  limit. 

The  patients  were  treated  with  hypofractionated  protocol  consisting  of  five 
fractions  of  6.25  Gy  per  fraction  delivered  every  other  day.  Totally  21  prostate  cancer 
patients  data  who  were  treated  under  the  protocol  from  Jan.  10,  2005  to  Sep.  10,  2007  are 
used  for  the  study.  The  prostate  movement  is  defined  as  the  displacement  of  the  center  of 
mass  of  the  fiducials  from  the  planned  position.  One  fraction  can  have  more  than  one 
data  set,  because  during  the  treatment,  if  the  prostate  movement  is  out  of  the  hardware 
limitation,  the  patient  is  repositioned  manually. 


RESULTS 


Duration  of  data  sets 

For  the  21  patients,  a  total  of  427  data  sets  and  4439  time  stamps  were  recorded. 
For  each  patient,  the  duration  of  each  data  set  is  an  indicator  of  the  stability  of  the  tumor 
target  position.  Figure  2  shows  the  histogram  of  the  duration  of  the  427  data  sets.  The  x- 
axis  and  y-axis  represent  the  duration  and  the  number  of  data  sets  for  a  given  time  length, 
respectively.  The  time  bin  size  is  200  s  and  the  average  duration  of  the  427  data  sets  is 
697  s.  The  duration  of  a  data  set  represents  the  time  for  the  prostate  to  move  to  the  limit 
of  1  cm.  Thus  the  shorter  the  duration,  the  more  “violent”  the  prostate  moves.  The  data 
here  suggest  that,  on  average,  it  takes  697  s  for  the  prostate  to  move  to  1  cm  relative  to  its 
planned  position. 
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Intra-fractional  movement  of  the  prostate  target 

The  movement  of  the  center  of  mass  of  the  three  implanted  fiducials  is  used  as  a 
surrogate  of  prostate  movement.  This  quantity  was  recorded  continuously  over  time  and 
analyzed  for  the  427  data  sets  (on  average,  20  data  sets  per  patient).  For  convenience,  a 
selection  of  observed  motion  behaviors  are  shown  in  Fig.  3.  The  x-axis  represents  the 
time  stamp,  and  the  y-axis  is  the  prostate  displacement  (mm).  The  red,  green  and  blue 
lines  represent  the  movement  in  superior-inferior  (SI),  left-right  (LR),  and  anterior- 
posterior  (AP)  directions,  respectively.  The  black  lines  represent  the  total  displacement 
of  the  prostate. 

Similar  to  that  observed  by  Kupelian  et  al  (21),  the  prostate  movement  patterns 
vary  from  stable  positioning  at  baseline  (Fig.  3a),  continuous  drift  (Fig.  3b),  transient 
excursion  (Fig.  3c),  persistent  excursion  (Fig.  3d),  and  high-frequency  excursions  (Fig. 
3e).  Some  patterns  are  simply  too  irregular  to  categorize  into  any  of  the  above  classes 
(Fig.  3f). 

It  should  be  noted  that,  for  a  given  patient,  the  above  classification  of  the  prostate 
movement  pattern  is  somewhat  arbitrary  and  it  may  change  from  fraction  to  fraction  or 
even  from  data  set  to  data  set  within  the  same  treatment  fraction.  Figure  4  shows  the 
prostate  movement  behavior  for  one  of  the  patients.  For  this  patient,  there  are  five 
fractions,  and  each  fraction  contains  two  data  sets.  Data  sets  2,  4,  5  are  continuous  drift; 
data  set  3  is  transient  excursion;  data  sets  1,  7,  8  consist  of  two  continuous  drifts;  data 
sets  6  and  9  are  high-frequency  excursions  followed  by  a  stable  positioning  at  baseline; 
and  data  set  10  shows  a  continuous  drift  followed  by  a  stable  positioning  at  baseline.  In 
general,  it  seems  that  the  prostate  motion  is  random  and  has  no  fixed  pattern  to  follow. 
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A  useful  way  to  present  the  prostate  motion  data  is  to  show  the  histogram  of  the 
fiducial  isocenter  movement  distance  in  different  directions.  As  seen  in  Fig.  5  the 
prostate  is  more  stable  in  the  LR  direction,  which  is  consistent  with  pelvic  and  prostate 
anatomy.  A  large  number  of  data  sets  are  under  0.5  mm  movement  in  this  direction. 
Generally,  the  shift  distribution  in  SI  direction  is  similar  to  that  in  AP  direction,  but  in  the 
case  of  AP  motion,  the  prostate  tends  to  move  more  in  posterior  direction,  presumably 
due  to  the  rectal  and  bladder  volume  changes.  This  is  consistent  with  the  observation  that 
motion  of  the  prostate  is  oblique  in  the  longitudinal  mid-plane  of  the  pelvis  and  subjects 
to  the  effects  of  bladder  and  rectal  filling  (9,  21).  The  mean  shift  in  each  direction, 
averaged  over  all  patients,  was  1.55  ±  1.28  mm,  0.87  ±  1.17  mm,  1.80  ±  1.44  mm  in  the 
superior-inferior  (SI),  lateral  (LR),  and  anterior-posterior  (AP)  dimensions,  respectively. 
The  average  shift  length  is  2.61  ±  1.94  mm.  Table  1  summarizes  the  statistical 
characterization  of  the  data  for  each  direction  and  the  shift  length. 

An  alternative  way  to  present  the  data  of  Fig.  5  is  to  illustrate  the  histogram  of  the 
prostate  position  as  a  function  of  displacement  and  time  as  shown  in  Fig.  6.  Each  color 
represents  a  specific  time  segment.  It  is  clear  that  as  the  time  elapses,  the  spatial 
distribution  of  the  prostate  becomes  more  spreaded.  From  these  plots,  it  is  also  clear  that 
SI  and  AP  movements  are  similar,  whereas  the  LR  curve  is  more  concentrative. 

A  rolling  average  (25)  of  total  movement  value  was  computed  in  equal  time 
interval  stamp  to  further  illustrate  the  prostate  movement  tendency.  Since  the  average 
image  acquisition  interval  is  40  s,  according  to  the  Nyquist  acquisition  theory  (26),  a  time 
interval  of  20  s  is  used  to  calculate  the  rolling  average  curve.  The  rolling  average 
window  was  set  to  be  120  s.  Thus,  the  average  shift  at  0  s  is  a  result  of  shifts  from  0  s  to 
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60  s,  and  the  average  shift  at  100  s  represents  the  contributions  from  40  s  to  160  s.  Since 
there  are  not  enough  data  for  rolling  average  calculation  at  the  end  of  the  time  duration, 
the  calculation  stopped  at  1400  s  in  Fig.  7.  The  curve  in  Fig.  7  represents  a  logarithmic 
fit  of  the  data.  It  can  also  be  seen  from  this  figure  that  the  prostate  movement  increases 
with  time. 


Influence  of  prostate  deformation 

Prostate  deformation  is  of  a  practical  concern.  To  a  certain  extent,  the 
deformation  can  be  characterized  by  the  change  of  the  distance  between  the  implanted 
fiducials  as  a  function  of  time.  In  Fig.  8  the  distance  of  each  pair  of  fiducials  relative  to 
its  value  at  the  CT  simulation  stage  is  plotted  for  two  data  sets  of  one  of  the  patients.  The 
tendencies  of  the  distance  change  over  time  for  the  3  pairs  of  fiducials  are  similar.  The 
maximum  distance  change  for  this  patient  is  of  the  order  of  1  mm,  indicating  that  the 
deformation  of  prostate  is  not  an  issue  here.  No  pronounced  deformation  was  observed 
for  any  of  other  patients. 


DISCUSSION 

To  cope  with  the  uncertainty  in  prostate  patient  setup  and  tumor  target 
localization,  commonly  used  method  is  to  add  a  population  based  safety  margin  to  the 
target  and  sensitive  structures  to  ensure  adequate  dose  coverage  of  the  target  under  the 
uncertainty,  which  significantly  compromises  the  success  of  radiation  therapy  (27). 
Indeed,  many  studies  have  indicated  that  the  margin  used  for  treatment  is  either  too  small 
for  a  significant  fraction  of  the  prostate  patients,  which  seriously  underdoses  the  target 
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and  reduces  the  chance  of  curing  these  patients,  or  too  large  for  another  large  fraction  of 
the  patients,  which  may  overdose  the  adjacent  sensitive  organs  such  as  the  rectum  and 
bladder  and  lead  to  undesirable  clinical  complications.  Because  of  the  proximity  of  the 
prostate  to  the  rectum  and  bladder,  a  robust  strategy  in  locating  the  tumor  target  are 
necessary  to  more  accurately  target  the  tumor,  so  that  the  radiation  dose  to  the  prostate 
can  be  escalated  to  substantially  enhance  the  probability  of  curing  the  patients  without 
damaging  the  sensitive  structures.  Stereoscopic  imaging  of  implanted  metallic  fiducials  is 
a  useful  way  to  locating  the  prostate  target  in  nearly  real-time  fashion.  A  clinically 
important  question  in  stereoscopic  image  guided  prostate  treatment  is  what  is  the  optimal 
imaging  frequency  that  minimizes  the  patient  exposure  while  not  missing  any  significant 
residual  movement  of  the  prostate  during  the  beam-off  interval  of  the  imaging  X-ray(28). 
To  better  understand  the  issue,  let  us  examine  the  movement  of  the  prostate  for  one  of  the 
patients.  As  shown  in  Fig.  9(a),  during  the  treatment  of  the  patient,  the  image  pairs  are 
updated  every  3  nodes  (the  minimum  sampling  rate  of  the  CyberKnife  is  30  s).  Now 
suppose  that  the  images  are  acquired  every  other  time  point  in  the  original  acquisition 
schedule,  the  prostate  movement  curve  would  look  quite  different,  as  indicated  in  the 
dashed  one  in  Fig.  9(a).  Figure  9(b)  shows  another  example  of  the  prostate  movement 
captured  by  two  different  sampling  rates.  The  peak  in  the  solid  curve  revealed  by  a 
higher  sampling  rate  disappears  when  the  sampling  rate  is  reduced.  Given  the  nature  of 
intra- fractional  prostate  motion,  in  order  to  avoid  missing  any  major  prostate  movement, 
it  seems  necessary  to  image  the  patient  frequently. 

In  reality,  a  few  factors  may  influence  the  selection  of  the  sampling  rate  of  the  X- 
ray  imaging,  which  include  the  dose  rate,  patient  specific  characteristics,  the  fractionation 
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scheme,  etc.  A  tradeoff  between  imaging  frequency  and  target  position  accuracy  needs  to 
be  made.  A  rule  of  thumb  is  that  the  movement  of  prostate  within  the  interval  of  two 
consecutive  images  should  be  less  than  a  pre-specified  criterion,  say  1  or  2  mm.  Due  to 
the  randomness  of  the  prostate  movement,  this  decision  can  only  be  made  based  on  a 
statistical  basis.  The  sampling  rate  should  be  chosen  in  such  a  way  that  the  number  of 
data  sets  with  displacement  exceeding  a  pre-specified  motion  range  should  be  statistically 
small.  Figure  10  shows  a  plot  of  the  percentage  for  the  prostate  target  to  move  more  than 
1mm  (red),  2mm  (green),  3mm  (blue),  4mm  (light  green),  5mm  (magenta),  . . .,  at  30  s,  60 
s,  90  s,  120  s,  ....  This  figure  is  useful  in  helping  us  to  find  out  the  suitable  sampling  rate 
for  a  pre-specified  prostate  motion  range.  For  example,  if  a  motion  larger  than  2mm  is 
permissible  for  less  than  5%  of  the  data  sets  (in  other  words,  if  it  is  desired  to  keep  95% 
of  the  data  sets  to  have  a  motion  less  than  2  mm),  from  Fig.  10,  it  is  seen  that  a  30  s 
sampling  duration  should  be  used.  If  a  60  s  duration  is  used,  7.5%  of  the  data  sets  will 
have  a  motion  larger  than  2mm.  For  90  s  and  120  s  durations,  the  percentage  having 
motion  greater  than  2mm  will  be  increased  to  11%  and  14%,  respectively.  For 
convenience,  the  percentage  of  data  sets  having  motion  greater  than  1mm  to  5mm  is 
summarized  in  table  2  for  a  few  sampling  durations  of  interest. 

There  are  several  drawbacks  associated  with  fiducial  based  image  guided  prostate 
radiation  therapy.  Other  than  the  fact  that  it  involves  an  invasive  procedure  of  fiducial 
implantation,  the  fiducial  tracking  used  in  CyberKnife  or  Calypso  system  is  limited  to 
“rigid”  tumors.  While  our  data  indicated  that  the  deformation  of  the  prostate  gland  during 
the  hypofractionated  treatment  is  negligible  and  the  center  of  mass  of  the  three  implanted 
fiducials  can  be  used  to  describe  the  prostate  position,  it  is  important  to  remind  that 
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locating  the  prostate  is  only  part  of  the  overall  task  in  prostate  radiation  therapy.  In 
reality,  tracking  the  motion  of  various  involved  sensitive  structures  represents  the  other 
side  of  the  “coin”  and  is  also  of  critical  importance  to  the  success  of  IGRT.  After  all,  it  is 
the  adjacent  sensitive  structures  that  limit  the  dose  deliverable  to  the  target.  Therefore, 
knowing  the  spatial  location  and  geometric  shapes  of  the  sensitive  structures  is  critical  for 
us  to  customize  the  dose  distribution  to  maximize  the  dose  to  the  target  while  sparing  the 
adjacent  sensitive  structures.  On  a  fundamental  level,  the  motion  of  prostate  target  is 
often  caused  by  the  motion  or  physiological  change  of  the  sensitive  structures. 

This  study  and  most  of  previous,  if  not  all,  studies  are  focused  on  the  prostate- 
only  treatment.  Clinically,  the  treatment  of  intermediate  and  advanced  stage  prostate 
cancer  often  involves  the  irradiation  of  seminal  vesicle  and  regional  lymph  nodes.  The 
implanted  fiducials  in  these  cases  are  less  helpful  in  locating  the  seminal  vesicle  nodes. 
Better  imaging  method  capable  of  providing  3D  anatomy  is  highly  desirable.  On-board 
cone  beam  CT  (CBCT)  has  recently  become  available  to  provide  volumetric  information 
of  a  patient  in  the  treatment  position(29),  and  holds  promises  for  improved  target 
localization  and  irradiation  dose  verification(30).  CBCT  is  valuable  in  providing  3D  or 
even  4D  patient  model  before  treatment  and  affords  a  useful  solution  to  reduce  the 
adverse  effect  of  inter- fraction  organ  motion(17,  28,  31-34).  However,  acquiring  real 
time  patient  geometry  information  during  the  radiation  delivery  process  using  an  ob- 
board  imaging  device  is  still  improbable.  A  combined  use  of  pre-treatment  patient 
geometric  model  derived  from  3D/4D  CBCT  and  real-time  stereoscopic  X-ray  projection 
data  may  be  useful  to  estimate  the  location  of  target  and  adjacent  sensitive  structures. 
This  investigation  is  still  in  progress  and  will  be  reported  in  the  future. 
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CONCLUSION 

Intra-fractional  organ  motion  has  long  been  recognized  as  one  of  the  major 
limiting  factors  of  prostate  dose  escalation  in  conformal  radiation  therapy.  A  detailed 
knowledge  of  prostate  motion  would  help  to  understand  the  nature  and  degree  of  the 
adverse  influence  of  the  uncertainty  and  provide  guidance  in  dealing  with  the  issue.  In 
this  work,  we  have  studied  the  intra-fractional  prostate  motion  in  the  hypofractionated 
CyberKnife  treatments  of  21  prostate  cancer  patients.  The  study  emphasizes  the 
importance  of  real-time  imaging  during  prostate  radiation  therapy,  in  particularly  a 
hypofractionated  treatment.  Given  the  magnitude  and  random  nature  of  prostate  motion 
as  well  as  the  recent  technical  advancements  in  various  related  fields,  real-time 
monitoring  of  prostate  position  to  adaptively  compensate  the  motion  should  be  part  of 
future  prostate  radiation  therapy  to  ensure  adequate  dose  coverage  of  the  prostate  target 
while  maintaining  an  adequate  sparing  of  the  sensitive  structures. 
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FIGURE  CAPTIONS 

Figure  1  Flowchart  of  the  CyberKnife  treatment  process. 

Figure  2  Histogram  of  the  time  span  of  the  studied  data  sets. 

Figure  3  Patterns  of  prostate  movement:  (a)  continuous  drift,  (b)  transient  excursion,  (c) 
stable  target  at  baseline,  (d)  persistent  excursion,  (e)  high-frequency  excursions,  (f) 
irregular,  (red:  SI  direction;  green:  LR  direction;  blue:  AP  direction;  black:  length). 

Figure  4  Prostate  movement  behaviors  for  one  of  the  patients  at  different  time  points. 

Figure  5  Histogram  of  the  fiducial  isocenter  movement  distance  in  different  directions. 

Figure  6  Histogram  of  the  prostate  movement  as  a  function  of  displacement  and  time 

Figure  7  Rolling  average  of  prostate  movement  data. 

Figure  8  Distances  between  three  pairs  of  implanted  fiducials  as  a  function  of  time  for 
one  of  the  treatment  session  of  a  patient. 

Figure  9  Prostate  movement  behaviors  depicted  by  stereoscopic  imaging  of  two  different 
image  frequencies  for  two  patients. 
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Figure  10  A  plot  of  the  percentage  of  data  sets  for  the  prostate  target  to  move  more  than  1mm 
(red),  2mm  (green),  3mm  (blue),  4mm  (light  green),  5mm  (magenta),  ...,  for  sampling  durations  of  30 
s,  60  s,  90  s,  120  s, . 

Figure  1 1  Average  time  duration  against  displacement  threshold. 
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STABLE  POSITIONING 


Figure  3(a) 
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TRANSIENT  EXCURSION 


Figure  3(c) 
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Table.  1  Statistical  characterization  of  the  427  data  sets  for  each  direction  and  the  total 

value  of  prostate  movement 


SI 

LR 

AP 

Length 

Average  (mm) 
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Table  2  the  percentage  of  data  sets  having  motion  greater  than  1mm  to  5mm  for  a  few  sampling 
durations  of  interest. 
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ABSTRACT 

Purpose:  The  purpose  of  this  work  is  to  develop  a  novel  registration  strategy  to 
automatically  map  the  rectal  contours  from  planning  CT  (pCT)  to  cone  beam  CT  (CBCT) 
for  adaptive  radiotherapy. 

Methods  and  Materials:  The  rectal  contours  were  manually  delineated  in  the  pCT.  A 
narrow  band  with  the  delineated  contours  as  its  interior  surface  was  then  constructed. 
The  correspondence  contours  in  the  CBCT  was  found  by  using  a  feature-based 

registration  algorithm,  which  consists  of  two  steps:  (1)  automatically  searching  for 

control  points  in  the  pCT  and  CBCT  based  on  the  feature  of  the  surrounding  tissue  and 
matching  the  homologous  control  points  using  the  Scale  Invariance  Feature 

Transformation  (SIFT);  (2)  using  the  control  points  for  a  Thin  Plate  Spline  (TPS) 

transformation  to  warp  the  narrow  band  and  finding  the  corresponding  contours  from 
pCT  to  CBCT. 

Results:  A  robust  rectal  contour  propagation  method  has  been  developed.  It  was  able  to 
correctly  identify  sufficient  number  of  homologous  control  points  in  the  two  input  images 
and  enabled  accurate  warping  of  the  narrow  band.  Digital  phantom  study  indicated  that 
an  average  accuracy  of  1.2  mm  is  readily  achievable.  For  clinical  cases,  the  method  also 
yielded  satisfactory  results  even  when  there  were  significant  rectal  content  changes 
between  the  pCT  and  CBCT  scans. 

Conclusion:  Exclusion  of  the  volume  inside  the  rectum  and  efficient  detection  of  image 
features  are  two  key  factors  for  successful  rectal  contour  mapping.  The  proposed 
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technique  provides  a  powerful  tool  for  adaptive  radiotherapy  of  prostate,  rectal  and 
gynecological  cancers  in  the  future. 

Key  words:  Image-guided  radiotherapy  (IGRT)  ;  Adaptive  radiotherapy  ;  Deformable 
registration  ;  Contour  mapping  ;  Scale  Invariance  Feature  Transformation  (SIFT). 
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INTRODUCTION 

Patients  treated  with  radiotherapy  for  cancers  such  as  prostate,  rectal,  and 
gynecological  cancers  experience  significant  day-to-day  changes  in  their  rectal  volumes 
due  to  motion,  distention,  and  fdling.  Due  to  variations  in  the  image  content,  an  exact 
correspondence  between  two  image  sets  acquired  at  different  time  points  may  not  exist. 
Thus  any  deformable  model  relying  on  the  use  of  information  contained  in  the  entire 
image  may  not  be  adequate  in  dealing  with  these  patients.  The  artifacts-induced  disjoint 
between  the  images  also  makes  the  auto-propagation  of  contours  outlined  in  one  set  of 
images  to  another  highly  difficult  with  conventional  strategies.  With  continued 
enthusiasm  for  adaptive  radiotherapy,  the  ability  to  reliably  and  efficiently  map  the 
rectum  outlined  in  the  pCT  to  the  on-treatment  CBCT  images  now  becomes  a  bottleneck 
and  needs  to  be  resolved  in  order  for  many  patients  with  cancer  within  the  pelvis  to 
benefit  from  the  novel  adaptive  re -planning  strategy  (1,2). 

The  issue  of  rectal  motion  and  deformation  in  conformal  radiation  therapy  is 
described  in  various  publications.  Lee  et  al  (3)  evaluated  the  CBCT  as  a  tool  to  quantify 
the  accuracy  and  precision  of  a  simulated  IMRT  treatment  delivery  model  for  rectal 
cancer  when  rectal  motion  due  to  filling  and  deformation  was  taken  into  account.  The 
mean  deformation  variation  of  0.71  and  0.94  cm  in  the  LAT  and  AP  directions  was 
reported.  Foskey  et  al  (4)  shrank  the  rectal  gas  region  to  a  virtual  point  in  order  to  make 
the  correspondence  of  the  rectal  volumes  in  two  sets  of  images.  Similar  to  that  reported 
by  Schreibmann  et  al  (5),  Gao  et  al  (6)  used  an  automatic  image  intensity  modification 
procedure  to  create  artificial  gas  pockets  in  the  pCT  images.  The  major  drawbacks  of 
these  types  of  approaches  are  the  artificial  introduction  of  image  features  within  the  rectal 
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volume  and  the  potentially  inaccurate  association  of  the  artificial  image  features.  As  a 
consequence,  the  concordance  between  the  rectal  volumes  after  deformable  registration 
and  the  manually  segmented  rectum  was  found  to  be  less  than  80%. 

In  this  work,  we  propose  to  use  the  image  information  in  the  neighborhood 
outside  the  rectal  wall  as  the  driving  force  to  guide  the  rectal  contour  propagation  from 
the  pCT  to  CBCT.  Because  the  content  in  the  region  outside  the  rectal  wall  should  be 
conserved,  regardless  of  any  changes  in  the  rectal  filling  and  distension,  this  strategy 
seems  to  be  physically  sensible.  Coupled  with  a  powerful  feature-based  deformable 
registration  model,  which  identifies  homologous  tissue  features  shared  by  the  pCT  and 
CBCT  images,  the  novel  approach  captures  the  key  issues  of  the  system  and  provides  a 
natural  solution  to  the  above  stated  problem.  Application  of  the  proposed  algorithm  to  a 
number  of  digital  phantoms  and  clinical  cases  demonstrates  that  the  technique  is  accurate 
and  robust  and  may  be  useful  for  future  adaptive  therapy  planning. 


MATERIALS  AND  METHOD 

Software  platform 

The  proposed  contour  mapping  algorithm  was  implemented  using  the  Insight 
Toolkit  (7,  8)  and  the  Visualization  Toolkit  (VTK)  (9),  which  are  open  source  cross¬ 
platform  C++  software  toolkits  sponsored  by  the  National  Library  of  Medicine  (NLM). 
They  are  freely  available  for  research  purposes  (http://www.itk.org  for  ITK  and 
http ://public .kitware . com/VTK/  for  VTK).  ITK  provides  various  basic  algorithms  to 
perform  registration  and  segmentation  for  medical  images.  The  programs  contained  in 
ITK  are  highly  extendable,  making  it  an  ideal  platform  for  development  of  image 
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registration  and  processing  techniques.  VTK  is  primarily  used  for  image  visualization 
(including  contours). 

Narrow  band  representation  of  the  rectal  wall 

Inconsistency  in  rectal  contents  between  two  input  image  sets  could  severely 
reduce  the  performance  of  a  deformable  registration  algorithm.  Co-registering  an  empty 
rectum  without  bowel  gas  to  a  rectum  filled  with  bowel  gas  using  any  deformable  model 
could  be  problematic,  for  example.  A  natural  strategy  is  to  exclude  the  volume  inside  the 
rectal  wall.  In  practice,  the  template  rectal  contour  in  the  pCT  image  has  been  manually 
contoured  as  a  part  of  the  routine  treatment  planning  process,  thus  making  it  a 
straightforward  matter  to  exclude  the  volume  inside  the  rectal  wall.  Figure  1  shows  the 
proposed  contour  mapping  process.  After  manual  segmentation  in  the  pCT,  a  narrow 
band  as  sketched  in  Fig.  2  is  constructed  with  the  manually  segmented  rectum 
representing  the  inner  surface  of  the  band.  On  an  axial  slice,  the  contour  has  a  polygon 
shape  and  the  vertices  of  the  polygon  form  the  basis  for  constructing  the  narrow  band. 
The  distance  between  the  neighboring  vertices  on  the  contour  is  typically  2-10  mm 
depending  on  the  shape  of  the  contour.  In  generating  the  narrow  band,  we  first  create 
cubes  with  side  length  of  d  for  each  vertex,  as  depicted  by  points  A  and  B  in  figure  2b.  In 
order  to  obtain  a  smooth  band,  between  A  and  B  three  more  cubes,  cornered  at  points  C, 
D,  and  E,  are  inserted.  Point  C  is  chosen  to  be  the  middle  point  between  A  and  B.  Point 
D  is  the  point  between  A  and  C,  and  point  E  is  the  point  between  B  and  C.  More 
interpolated  vertex  points  can  be  similarly  introduced  when  needed.  The  blue  area  in  Fig. 


2a  stands  for  the  narrow  band. 
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The  narrow  band  in  our  approach  is  used  as  a  compact  representation  of  the  rectal 
surface.  As  will  be  detailed  in  the  next  subsection,  a  feature-based  deformable 
registration  algorithm  is  employed  to  find  the  correspondence  of  the  band  in  the  CBCT 
images.  Upon  successful  registration,  the  deformation  field  is  utilized  to  propagate  the 
pCT  contour  to  the  CBCT.  Because  only  the  image  features  outside  the  rectum  is  used,  a 
narrow  band  shown  in  Fig.  2  permits  us  to  take  advantage  of  the  regional  calculation 
algorithm  yet  avoiding  the  nuisance  of  rectum/bladder  filling. 

Feature-based  warping  of  the  narrow  band 

As  illustrated  in  figure  1,  the  process  of  contour  mapping  is  to  warp  the  narrow 
band  constructed  above  in  such  a  way  that  its  best  match  in  the  CBCT  images  is  found. 
Mathematically,  this  constitutes  an  optimization  problem,  in  which  a  group  of 
transformation  parameters  that  transform  the  points  within  the  band  in  pCT  to  their 
corresponding  points  in  CBCT.  The  input  to  the  contour  mapping  software  includes  the 
narrow  band  and  the  CBCT  images,  which  are  described  by  the  image  intensity 
distributions  7a(x)  and  /b(x),  respectively. 

To  find  the  transformation  matrix,  T(x),  that  maps  an  arbitrary  point  in  the  band  to 
the  corresponding  point  in  the  CBCT  images  (or  vice  versa),  a  Thin  Plate  Spline  (TPS) 
deformable  model  is  employed.  But  other  models  should  also  be  applicable  to  model  the 
deformation  of  the  band.  Currently,  the  TPS  method  still  needs  manual  placement  of 
control  points  and  this  work  automates  the  control  point  selection  by  using  the  SIFT 
tissue  feature  searching  (see  next  subsection  for  details).  Roughly,  300  control  points  are 
selected  based  on  the  prominent  tissue  features. 


Xie  9 


The  detailed  description  of  the  TPS  transformation  can  be  found  in  Ref.  (10-13). 
Briefly,  a  weighting  vector  W=(w\,  W2...  wn)  and  the  coefficients  a\,  au,  av  are  computed 
from  a  series  of  matrices  which  are  constructed  using  n  pairs  of  SIFT-selected  control 
points  in  the  pCT  image  (x;,  Vi)  and  in  the  CBCT  image  (u\,  v;),  respectively.  The 
function  transforming  a  voxel  in  the  pCT  to  a  new  coordinate  in  the  CBCT  is  obtained 
from 


f(u',v')  =  al  +auu  +  avv  +  (1) 

i=0 

where  p  is  the  matrix  of  the  control  points  coordinates  in  the  pCT  and  U  is  a  basis 
function  to  measure  the  distance.  Some  major  steps  of  the  TPS  calculation  are: 

(1 )  Assuming  Px  =  (x, , y, ) ,  P2  =  (x2,y2 ),...,  P  =  (xn,  vn)  are  the  n  control  points 

in  the  pCT  images.  The  distance  between  point  i  and  j  is  given  by  ry  =  |  P.  -  P.  \ . 
Define  matrices 


P  = 


x, 


X, 


1  x„ 


Ti 

y«. 


(2) 


0  U(rn)  -  U(rJ 
U(r2])  0  U(r2n) 

U(rnl)  U{rn2)  .-  0 


(3) 


and 


(4) 


where  O  is  a  3  x3  matrix  of  zeros  and  U  is  a  basic  function  U (r)  =  r2  log  r2 . 
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(2)  Letting  Qt  =  (ut , v, )  ,  Q2  =(u2,v2)  ,  ...,  Qn  =(un,vn)  be  n  corresponding 
control  points  in  the  CBCT  image.  We  construct  matrices 


V  = 


Vi  v2 


(5) 


Y  =  (V  |  0  0  0)r. 


(6) 


The  weighting  vector  W  =  (w15 w2, wn)  and  the  coefficients  ct\,  alL  and  av  can  be 
computed  by  the  equation 

L~lY  =  (W\  a •,  aj .  (7) 

(3)  Using  the  elements  of  L~XY  to  define  a  function  everywhere  as  given  in 

Eq.  (1).  This  function  transforms  a  voxel  in  the  pCT  volume  to  a  new  coordinate  in  the 
CBCT  image.  Upon  successful  registration,  the  deformation  field  is  extracted  and 
utilized  to  transform  the  manual  rectal  contours  to  CBCT. 


Scale-Invariant  Features  Transformation  (SIFT) 

The  feature-based  deformable  registration  is  an  essential  part  of  the  proposed 
contour  mapping  process.  While  the  TPS  deformable  registration  is  relative  simple  and 
doesn’t  require  iterations  and  intensive  calculation  for  each  individual  voxel,  it  relies  on 
the  use  of  homologous  control  points  in  the  two  input  image  sets  to  be  co-registered.  In 
reality,  the  interactive  identification  of  the  control  points  in  both  images  is  tedious, 
difficult,  and  often  a  source  of  error.  Here  we  automate  the  control  point  selection  by 
using  the  SIFT-based  tissue  feature  searching.  Because  of  the  efficient  use  of  a  priori 
system  knowledge,  the  approach  greatly  enhances  the  robustness  of  the  narrow  band 
warping  algorithm. 
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The  SIFT  method  was  introduced  by  Lowe  (14)  to  characterize  the  local  tissue 
features.  The  method  utilizes  both  image  intensity  and  local  gradient  information  to 
characterize  the  neighborhood  property  of  a  point.  The  algorithm  includes  scale-space 
extrema  detection,  control  point  localization,  orientation  assignment  and  control  point 
descriptor.  In  2D  case,  for  example,  the  method  uses  the  orientation  histograms  of  the 
four  quadrants  surrounding  a  point  (containing  64  pixels)  to  characterize  the  inherent 
tissue  feature  of  the  point  (see  Fig.  3).  To  obtain  the  histogram  for  a  quadrant,  as 
illustrated  in  Fig.  3,  the  gradient  of  each  of  the  16  pixels  in  a  quadrant  is  computed.  An 
eight-bin  histogram,  with  first  bin  representing  the  number  of  pixels  whose  gradients  fall 
between  0°  and  45  °,  and  so  forth,  is  then  constructed.  For  illustration,  the  histogram  of 
each  of  the  four  quadrants  is  displayed  schematically  in  the  right  panel  of  Fig.  3  as  an 
eight-vector  plot.  In  total,  32  vectors  are  calculated  in  2D  case.  In  extending  the  SIFT 
method  from  2D  to  3D,  total  of  192  vectors  are  needed.  These  vectors  represent  the  local 
feature  and  serve  as  a  signature  of  the  point.  The  SIFT  descriptor  is  considered  as  one  of 
the  most  effective  descriptors  currently  available(15,  16). 

Theoretically,  the  SIFT  descriptor  can  be  computed  for  each  voxel  in  an  image. 
However,  this  is  computationally  expensive.  The  commonly  used  sampling  strategy  is 
to  compute  the  descriptor  every  2  to  3  voxels  in  x,  y  and  z  directions.  After  the  SIFT 
descriptors  are  computed  in  both  input  images,  the  points  having  the  most  similar  SIFT 
descriptors  in  the  two  images  are  then  identified.  For  a  given  point,  indexed  by  n,  in  the 
pCT  image,  the  least-squares  difference  of  the  SIFT  descriptor  of  the  point  and  that  of  a 
potential  association  point  nr  in  the  CBCT,  Snn •,  is  first  computed  according  to 

S.,'=Jt|(V/.)„-(V4)J2.  (8) 

V  a=l 
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where  /  represents  the  pixel  intensity,  a  index  the  bins  of  the  SIFT  histogram  of  a  point 
and  the  summation  over  a  runs  from  1  to  32  for  2D  case,  and  192  for  3D  case.  After  Sn,n' 
is  computed  for  all  n  in  the  CBCT,  two  points  n[  and  n'2  that  have  the  least  histogram 

difference  with  point  n  are  identified.  If  the  ratio  of  these  two  values  is  less  than  80%, 
the  point  that  has  the  lowest  S  value  is  chosen  tentatively  as  the  correspondence  of  the 
point  n,  otherwise,  no  association  is  made  for  the  point.  Note  that  the  criterion  of  80% 
here  is  an  empirical  value.  If  the  value  is  too  large,  the  number  of  false  association 
increases.  Conversely,  many  true  associations  may  be  missed.  In  general,  this  criterion 
should  be  determined  on  an  organ  specific  basis.  For  lung,  for  example,  it  was  found  that 
a  criterion  of  50%  is  adequate  to  find  sufficient  number  of  associations. 

To  further  increase  the  accuracy  of  control  point  association,  a  bi-directional 
mapping  strategy  is  developed  based  on  the  fact  that  if  a  point  in  the  pCT  is  mapped 
correctly  to  the  CBCT,  it  will  be  default  to  be  mapped  back  to  the  original  control  point 
in  the  pCT  when  an  inverse  map  is  applied  to  the  corresponding  control  point  in  the 
CBCT.  Therefore,  after  the  original  association  of  control  points  as  described  above,  the 
mapped  points  in  CBCT  is  inversely  co-registered  to  the  pCT.  If  the  correspondence  still 
exists,  the  control  point  pair  is  labeled  a  match.  Otherwise,  they  are  considered  as  a 
mismatch  and  deleted  from  the  list  of  correspondence  points.  Upon  the  association  of  the 
points,  the  associated  points  are  employed  as  control  points  for  TPS  as  described  above. 

Evaluation  of  the  models  using  digital  phantom  and  existing  patient  data 

The  performance  of  the  above  model  is  evaluated  by  a  number  of  2D  digital 
phantoms  and  archived  clinical  cases.  In  the  digital  phantom  experiments,  two 
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deformations  are  introduced.  A  virtue  of  this  approach  is  that  the  “ground  truth” 
solutions  exist  and  the  transformation  matrices  are  known,  thus  making  the  evaluation 
straightforward.  The  mathematical  transformations  used  to  deform  the  phantom  is 
generated  using  a  formula  (17): 

x'(x,y)  =  (1  +  bcosm6)x  (9) 

y'(x,y)  =  (1  +  b  cos  m6)  y  (10) 

Here  0  =  tan-1  ^  .  Two  parameters,  m  and  b,  are  used  to  characterize  a  deformation. 

Generally,  they  describe  the  complexity  and  magnitude  of  a  deformation,  respectively. 
The  contour  outlined  in  the  original  image  is  then  mapped  to  the  deformed  image.  The 
accuracy  of  the  contour  mapping  calculation  is  assessed  by  comparing  directly  with  the 
contour  from  the  known  transformation  matrix. 

Contour  propagation  from  pCT  to  CBCT  is  studied  by  using  a  prostate  cancer  and 
a  rectal  cancer  case.  The  pCT  is  acquired  with  a  GE  Discovery-ST  CT  scanner  (GE 
Medical  System,  Milwaukee,  WI)  approximately  two  weeks  prior  to  the  initiation  of  the 
radiotherapy.  The  on-treatment  CBCT  images  are  acquired  using  the  Varian  Trilogy™ 
(Varian  Medical  Systems,  Palo  Alto,  CA).  Each  slice  of  pCT  or  CBCT  is  discretized  into 
512  x  512  pixels.  The  images  are  transferred  through  DICOM  to  a  high-performance 
personal  computer  (PC)  with  a  Xeon  (3.6  GHz)  processor  for  image  processing.  The 
manually  outlined  contours  in  the  pCT  images  are  mapped  to  CBCT  images  using  the 
proposed  technique.  In  general,  quantitative  validation  of  a  deformable  registration 
algorithm  for  a  clinical  case  is  difficult  due  to  the  lack  of  the  ground  truth  for  clinical 
testing  cases.  For  the  cases  studied  here,  visual  inspection  method  is  employed  to  assess 
the  success  of  the  proposed  algorithm. 
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RESULTS 


2D  digital  phantom  experiment 

The  proposed  algorithm  is  first  tested  using  a  2D  digital  phantom  (Fig.  4a)  with 
two  intentionally  introduced  deformations  of  the  image  shown  in  Figs.  4b  and  4c, 
respectively.  The  rectal  contour  in  pCT  is  manually  delineated  and  shown  in  Fig.  4a  in 
red.  The  deformation  shown  in  Figs.  4b  and  4c  are  obtained  by  setting  the  parameters  b 
and  c  in  Eqs.  (9)  and  (10)  to  (b  =  2,  m  =  2)  and  (b  =  2,  m  =  3),  respectively.  The  green 
contours  in  Figs.  4b  and  4c  represent  the  auto-mapped  contour.  Overall,  the  mapped 
contours  can  capture  the  main  features  of  the  two  dramatic  deformations,  and  conform 
snugly  to  the  boundary  of  the  rectum  in  both  cases. 

In  obtaining  the  result  shown  in  Fig.  4b,  a  total  of  200  control  points  were 
identified  by  the  bi-directional  SIFT  calculation  as  described  in  method.  For  clarity,  a 
selection  of  the  SIFT-identified  control  point  associations  are  displayed  in  Fig.  5.  The 
total  number  of  control  points  identified  here  are  far  more  than  that  commonly  used  in 
TPS  calculation  (11),  allowing  an  improved  deformable  warping  of  the  narrow  band. 
The  displacement  field  derived  by  using  the  TPS  method  is  shown  in  Fig.  6a.  For 
comparison,  the  known  displacement  field  from  Eqs.  (9)  and  (10)  is  plotted  in  Fig.  6b. 
The  subtraction  between  the  TPS-derived  displacement  field  and  the  known  field  is 
shown  in  Fig.  6c.  It  is  found  that  the  average  deviation  of  the  SIFT-TPS  displacement 


from  the  known  solution  is  less  than  1 .2mm. 


Xie  15 


Clinical  case  study 

The  contour  propagation  study  from  pCT  to  CBCT  for  the  prostate  case  is 
presented  in  Fig.  7.  The  top  row  shows  the  pCT  image  with  manually  delineated 
contours  (green  curves).  The  auto-mapped  contours  overlaid  in  the  CBCT  are  displayed 
in  the  bottom  row  (red  curves).  As  mentioned  in  the  introduction,  the  propagation  of 
rectum  wall  is  often  complicated  by  the  fact  that  the  physical  one-to-one  correspondence 
may  not  exist  due  to  the  addition  or  subtraction  of  some  contents  within  the  rectum. 
Figure  8  exemplifies  this  and  shows  that  the  rectal  filling  at  the  time  of  CBCT  acquisition 
is  quite  different  from  that  of  pCT.  As  can  be  intuitively  conceived,  this  image  content 
change  could  severely  reduce  the  performance  of  a  conventional  deformable 
registration  18-20).  The  narrow  band  approach  described  in  this  work  circumvents  the 
problem  by  excluding  the  rectal  volume  affected  by  the  rectum/bladder  filling.  As  a 
result  in  Fig.  7,  the  mapped  contours  closely  conform  to  the  rectal  wall  change  and  the 
final  contours  are  clearly  clinically  sensible. 

In  practice,  rectal  volume  motion  and  deformation  can  cause  significant 
uncertainties  pertaining  to  the  adequacy  of  actual  dose  delivered  to  the  gross  tumor 
volume  (GTV)  as  well  as  to  the  surrounding  normal  structures.  This  issue  has  been  a 
major  obstacle  in  the  implementation  of  IMRT  in  rectal  cancer.  In  Fig.  8  the  three  axial 
pCT  and  CBCT  images  of  a  rectal  cancer  patient  acquired  in  an  interval  of  two  weeks  are 
shown.  Significant  target  volume  motion  and  deformation  are  observed  from  Fig.  8.  The 
rectal  volume  in  the  pCT  is  found  to  be  more  than  3  times  that  of  the  rectal  volume  in  the 
CBCT  and  thus  represents  a  challenging  situation  for  any  deformable  model.  The  rectal 
contours  are  manually  drawn  in  the  pCT  and  mapped  to  the  subsequent  CBCT  using  the 
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proposed  method.  The  upper  row  of  Fig.  8  shows  three  axial  slices  of  the  pCT  with 
manually  delineated  contours  (green  curves).  The  results  of  contour  propagation  from 
the  pCT  to  the  CBCT  are  shown  in  the  lower  row  of  Fig.  8  (red  curves). 

DISCUSSION 

In  this  work,  an  effective  feature-based  rectal  contour  mapping  algorithm  has  been 
described.  An  indispensable  step  toward  online  or  offline  adaptive  re-planning  with 
consideration  of  the  patient’s  dose  delivery  history  and  on-treatment  anatomy  is  the 
expedite  organ  segmentation  of  CBCT  images  (7,  21-25).  While  this  task  is,  in  principle, 
achievable  using  deformable  registration  of  the  pCT  and  CBCT  images,  the  accuracy  of 
the  registration  and  therefore  the  contour  mapping,  is  often  adversely  affected  by  the 
presence  of  image  contents  in  one  image  that  do  not  have  correspondence  in  the  other 
image.  The  propagation  of  rectum  wall  is  an  example  of  this.  For  prostate,  rectal,  or 
gynecological  cancer  patients  for  example,  the  presence  and  absence  of  bowel  gas  can 
vary  daily.  Co-registering  an  empty  rectum  without  bowel  gas  to  a  rectum  filled  with 
bowel  gas  (or  vice  versa)  using  any  deformable  model  could  be  problematic  and  large 
errors  could  occur. 

We  describe  a  regional  contour  propagation  algorithm  taking  into  account 
possible  organ  deformation  and  anatomic  changes.  Because  the  narrow  band  contains 
only  the  image  features  outside  the  rectum,  this  method  is  not  affected  by  the  rectum 
filling  changes.  The  proposed  approach  relies  on  the  assumption  that  a  narrow  band 
surrounding  the  manually  segmented  rectal  contour  can  capture  sufficient  information  to 
drive  the  finding  of  its  counterpart  in  the  subsequent  CBCT.  Obviously,  this  assumption 
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is  valid  when  the  band  is  sufficiently  wide  so  that  enough  image  features  are  involved  in 
the  warping  calculation. 

The  use  of  SIFT  descriptor  enhances  our  ability  to  find  the  correspondence  of  the 
narrow  band  because  of  the  effective  utilization  of  image  intensity  and  gradient 
information.  In  contrast  to  the  conventional  intensity-based  image  registration,  which 
only  uses  intensity  information  of  the  voxels,  the  feature-based  registration  extracts 
information  regarding  image  structure,  including  shape,  texture,  etc.  Therefore,  the 
feature-based  image  registration  is  generally  more  effective  in  correctly  identifying 
corresponding  voxels  compared  to  the  intensity-based  image  registration. 

The  proposed  contour  mapping  technique  is  applied  to  digital  phantoms  and 
clinical  cases  and,  in  all  cases,  the  contour  mapping  results  are  found  to  be  clinically 
acceptable.  It  is  important  to  emphasize  that  in  these  test  cases,  the  rectal  deformations 
are  quite  significant  and  thus  present  challenges  to  any  deformable  model  or  contour 
mapping  technique.  It  is  impressive  that  a  simple  approach  with  a  narrow  band  and  SIFT 
descriptor  can  capture  the  main  feature  of  the  rectal  contour  and  help  to  find  the 
correspondence  contours  in  the  CBCT  images. 

In  this  study,  a  bi-directional  SIFT  descriptor  are  employed  to  examine  the 
reliability  and  robustness  of  the  calculations.  The  bi-directional  mapping  further 
enhances  the  degree  of  success  of  a  contour  propagation  algorithm.  It  is  useful  to  note 
that  the  bi-directional  mapping  is  a  necessary  (but  not  sufficient)  test.  In  a  rare  but 
possible  situation,  the  bi-directional  mapping  may  not  be  able  to  find  an  error  occurred  in 
the  contour  mapping  process.  A  visual  inspection  of  the  mapped  result  is  always  helpful 


in  practice. 
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CONCLUSION 

Significant  inter-fractional  patient  setup  uncertainty  and  anatomy  changes  have 
been  reported  in  numerous  studies,  and  are  widely  recognized  as  one  of  the  major 
limiting  factors  for  maximum  exploitation  of  modem  radiation  therapy  techniques  such 
as  IMRT  and  IGRT.  The  advent  of  onboard  volumetric  imaging  devices  promises  to 
improve  the  situation  by  providing  valuable  3D  (or  even  possibly  4D)  geometric  data  of 
the  patient  in  the  treatment  position  and  allows  for  the  adaptive  modification  of  treatment 
plan  during  a  course  of  treatment. 

In  this  work,  an  effective  feature-based  rectal  contour  mapping  algorithm  has  been 
described.  The  method  yielded  satisfactory  mapping  for  both  digital  phantom  and  clinical 
cases.  It  is  impressive  that  the  algorithm  is  able  to  successfully  map  the  contours  from 
pCT  to  CBCT  even  for  some  very  challenging  cases  in  which  the  deformation  and/or 
image  content  change  are  dramatic.  The  two  salient  features  of  the  described  algorithm 
are:  (1)  the  use  of  inherent  tissue  feature  as  a  priori  knowledge  for  deformable 
registration;  and  (2)  limiting  the  ROI  to  exclude  the  volume  inside  the  rectum  and 
focusing  on  the  adjacent  neighborhood  of  the  rectal  contour.  The  algorithm  should  be 
extendable  for  contour  propagation  of  organs  with  similar  features,  such  as  the  bladder 
and  stomach. 
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FIGURE  CAPTIONS 

Figure  1  Overall  process  of  rectal  contour  propagation. 

Figure  2  A  sketch  of  narrow  band,  (a)  a  narrow  band  image  surrounding  a  manually 
segmented  rectal  contour;  (b)  a  narrow  band  construction  is  illustrated  for  two  vortex 
points  A  and  B. 

Figure  3  A  sketch  of  orientation  histogram  in  SIFT  method. 

SIFT — Scale  Invariance  Feature  Transformation 

Figure  4  Rectal  contour  propagation  from  the  pCT  to  two  dramatically  deformed  images, 
(a)  original  contour,  the  red  curve  represents  the  manually  delineated  contour;  (b)  and  (c) 
its  optimal  mapping  in  the  two  deformed  images  (green  curves).  For  comparison,  the 
original  contour  from  the  pCT  is  also  shown  in  the  deformed  images  (red  curves). 

PCT — planning  CT 

Figure  5  Control  points  in  the  2D  contour  mapping 
2D — two  dimentional 

Figure  6  Displacement  fields,  (a)  TPS-derived  displacement  field  for  the  2D  digital 
phantom  study;  (b)  intentionally  introduced  displacement  field;  and  (c)  subtraction  of 
TPS  derived  and  the  known  displacement  fields. 
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TPS — Thin  Plate  Spline 
2D — two  dimentional 

Figure  7  3D  contour  mapping  for  the  rectum  of  a  man  with  prostate  cancer.  The  top  row 
is  the  three  transactions  in  the  planning  CT  image  with  manually  delineated  contours 
(green  contours),  the  bottom  row  is  corresponding  transactions  in  the  CBCT  image  with 
auto-mapped  contour  (red  contours).  The  left  column  is  the  axial  plane,  the  middle 
column  is  the  coronal  plane,  and  the  right  column  is  the  sagittal  plane. 

3D — three  dimentional 

CT — computational  tomography 

CBCT — cone  beam  computational  tomography 

Figure  8  Rectal  contour  mapping  for  a  rectal  cancer  case.  The  top  row  shows  several 
axial  slices  in  the  pCT  image  with  manually  delineated  contours  (green  contours).  The 
bottom  row  is  the  corresponding  slices  in  the  CBCT  image  with  auto-mapped  contours 
(red  contours). 

PCT — planning  CT 

CBCT — cone  beam  computational  tomography 
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Abstract 

For  intensity  modulated  radiation  treatment  (IMRT)  dose  reconstruction,  multileaf 
collimator  (MLC)  log-files  have  been  shown  applicable  for  deriving  delivered  fluence 
maps.  However,  MLC  log-files  are  dependent  on  the  accuracy  of  leaf  calibration  and 
only  available  from  one  linear  accelerator  manufacturer.  In  this  paper,  we  present  a  proof 
of  feasibility  and  principles  in  (1)  using  an  amorphous  silicon  electronic  portal  imaging 
device  (aSi-EPID)  to  capture  the  MLC  segments  during  an  IMRT  delivery  and  (2)  re¬ 
constituting  a  leaf  sequence  (LS)  file  based  on  the  leaf  end  positions  calculated  from  the 
MLC  segments  and  their  associated  fractional  monitor  units.  These  EPID-measured  LS 
files  are  then  used  to  derive  delivered  fluence  maps  for  dose  reconstruction.  The 
developed  approach  was  tested  on  a  pelvic  phantom  treated  with  a  typical  prostate  IMRT 
plan.  The  delivered  fluence  maps,  which  were  derived  from  the  EPID-measured  LS  files, 
showed  slight  differences  in  the  intensity  levels  compared  with  the  corresponding  planned 
ones.  The  dose  distribution  calculated  with  the  delivered  fluence  maps  showed  a 
discernible  difference  in  the  high  dose  region  when  compared  to  that  calculated  with  the 
planned  fluence  maps.  The  maximum  dose  in  the  former  distribution  was  also  2.5%  less 
than  that  in  the  latter  one.  The  EPID-measured  LS  file  can  serve  the  same  purpose  as  a 
MLC  log-file  does  for  the  derivation  of  the  delivered  fluence  map  and  yet  is  independent 
of  the  leaf  calibration.  The  approach  also  allows  users  who  do  not  have  access  to  MLC 
log-files  to  probe  the  actual  IMRT  delivery  and  translate  the  information  gained  for  dose 


reconstruction  in  ART. 
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1.  Introduction 

An  advantage  of  the  fractionation  scheme  in  radiation  treatment  is  that  it  offers  room  for  adaptive 
radiation  therapy  (ART).  ART  is  a  radiation  treatment  strategy  of  which  the  subsequent 
fractional  delivery  can  be  adaptively  modified  based  on  a  closed-loop  control  framework  using 
systematic  feedback  of  geometric  and  dosimetric  information  (de  la  Zerda  et  al ,  2007;  Webb, 
2008;  Yan  et  al .,  1997a).  The  ultimate  goal  of  ART  is  to  maintain  adequate  target  coverage  with 
a  desired  dose  and  ensure  doses  received  by  normal  tissue  are  within  tolerance  at  the  conclusion 
of  treatment.  The  adaptive  strategy  comes  into  play  at  different  levels  of  complexity  depending 
on  techniques  and  resources  available.  It  ranges  from  the  most  accessible  form  of  adapting 
treatment  margins  based  on  daily  portal  images  (Yan  et  al ,  1997b)  to  the  most  sophisticated  one 
of  re-optimization  or  re-planning  of  treatment  plans  (de  la  Zerda  et  al .,  2007;  Webb,  2008). 
Common  to  all  these  strategies  is  the  execution  of  dose  reconstruction  at  some  stage  during  the 
ART  process.  Through  this,  the  dose  deposited  to  a  patient  in  a  particular  fraction  can  be 
correlated  or  mapped  to  a  reference  set  of  computed  tomography,  ideally  by  deformable 
registration,  contributing  to  an  accumulated  dose  delivered  so  far,  which  is  a  key  parameter  for 
the  feedback  mechanism  in  ART  framework. 

However,  in  most  intensity  modulated  radiation  treatments  (IMRTs)  employing  ART 
strategies,  the  dose  reconstruction  is  tacitly  based  on  an  assumption  that  the  delivery  of  fluence 
maps  are  as  planned  (Langen  et  al ,  2005;  Yang  et  al ,  2007;  Yoo  and  Yin,  2006).  This 
assumption  might  not  be  necessarily  valid.  For  instance,  in  IMRT  using  step-and- shoot  mode,  the 
expected  delivery  of  fluence  maps  might  not  be  realized  due  to  intrinsic  errors  associated  with  the 
multileaf  collimator  (MLC)  kinematics  and  beam  control  communication  resulting  in  overshoot, 
undershoot  segmental  monitor  units,  dropped  segments,  and  beam  delivery  during  leaf  motion 
(Ezzell  and  Chungbin,  2001;  Litzenberg  et  al ,  2007;  Wiersma  and  Xing,  2007;  Xia  et  al ,  2002). 
In  order  to  incorporate  these  errors  in  the  dose  reconstruction,  our  group  (Lee  et  al ,  2008)  and 
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Litzenberg  et  al  (2007)  have  demonstrated  a  pragmatic  approach  of  using  MLC  log-files  to 
reconstruct  the  IMRT  dose  actually  delivered.  This  is  based  on  that  the  MLC  log-files  have  been 
validated  to  faithfully  reflect  the  actual  delivery  process  of  MLC -based  IMRT  (Li  et  al .,  2003; 
Stell  et  al ,  2004).  Because  the  MLC  log-file  is  only  available  from  one  commercial  linear 
accelerator  (linac)  manufacturer  (Varian  Medical  Systems,  Palo  Alto,  CA);  users  with  linacs  from 
other  manufacturers  are  deprived  of  this  straightforward  approach  to  reconstruct  the  delivered 
IMRT  dose.  Furthermore,  the  leaf  position  data  recorded  in  a  MLC  log-file  is  taken  from  the 
same  encoders  used  to  position  the  leaves,  making  the  reported  position  dependent  on  the  leaf 
position  calibration  and  by  no  means  an  absolute  measure  of  the  leaf  position.  Any  systematic 
error  introduced  in  the  MLC  calibration  might  lead  to  actual  leaf  positions  different  from  the 
expected  ones  resulting  in  dose  errors  (Parent  et  al .,  2006;  Woo  and  Nico,  2005). 

In  order  to  circumvent  this  dependence  and  provide  a  universal  approach  of  probing  the 
actual  delivery  of  a  fluence  map,  we  propose  using  an  amorphous  silicon  electronic  portal 
imaging  device  (aSi-EPID)  to  capture  every  segment  of  the  fluence  map  during  the  treatment. 
For  each  captured  segment,  the  leaf  positions  for  each  pair  of  leaves  are  found  by  an  edge 
detection  algorithm;  the  fractional  monitor  units  (fMU)  associated  with  this  particular  segment  is 
also  sampled.  After  all  the  segments  have  been  analyzed,  a  leaf  sequence  (LS)  file  is  re¬ 
constituted  using  the  segmental  leaf  positions  and  their  associated  fMU  based  on  the  sequence  the 
segments  are  delivered.  The  EPID-measured  LS  files  can  then  be  loaded  to  the  treatment 
planning  system  (TPS)  to  derive  the  delivered  fluence  maps  and  reconstruct  the  delivered  IMRT 
dose.  aSi-EPIDs  are  geometrically  and  functionally  stable,  giving  undistorted  images  of  high 
resolution  and  contrast  (McCurdy  et  al ,  2001;  Menon  and  Sloboda,  2004).  The  proposed 
approach  is  based  on  that  the  use  of  the  aSi-EPID  in  measuring  leaf  end  positions  to  a  high  degree 
of  accuracy  has  been  proven,  leading  to  its  widespread  applications  in  MLC  quality  assurance 
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(Budgell  et  al. ,  2005;  Chang  et  al .,  2004),  leaf  calibrations  (Baker  et  al. ,  2005;  Clarke  and 
Budgell,  2008),  and  leaf  motion  tracking  (Parent  et  al.,  2006;  Sonke  et  al.,  2004). 

The  objective  of  this  work  is  two-fold:  (1)  to  present  a  proof  of  feasibility  and  principles  in 
re-constituting  an  EPID-measured  LS  file  which  serves  the  same  purpose  for  deriving  the 
delivered  fluence  map  as  a  MLC  log-file  does  and  (2)  to  demonstrate  the  dose  reconstruction 
essential  for  adaptive  radiation  therapy  using  the  delivered  fluence  maps  literally  calculated  from 
the  MLC  segments  captured  by  an  EPID  during  an  IMRT  delivery. 

2.  Methods 

2.1.  Description  of  the  MLC  and  EPID 

All  experiments  were  done  on  a  Trilogy  linac  (Varian  Medical  Systems,  Palo  Alto,  CA)  equipped 
with  a  Millennium  120-leaf  MLC  and  kilovoltage/megavoltage  EPIDs.  The  Millennium  120-leaf 
MLC  consists  of  two  banks  of  60  leaves.  The  leaf  widths  for  the  central  40  leaf  pairs  and  the 
outer  10  leaf  pairs  are  0.5  cm  and  1.0  cm  respectively.  The  leaves  can  travel  a  maximum  of  16.5 
cm  across  the  beam  central  axis,  and  the  maximum  leaf  span  between  the  two  leaves  on  the  same 
carriage  is  14.5  cm.  All  measurements  are  referred  to  the  isocentric  plane.  The  leaf  calibration 
procedure  recommended  by  Graves  et  al.  (Graves  et  al.,  2001)  was  performed  to  ensure  the  MLC 
indicated  field  edge  positions  agreed  with  the  radiation  field  edges  to  within  0.3  mm  before  the 
experiments  (Yang  and  Xing,  2004). 

The  megavoltage  (MV)  EPID  (Varian  aSlOOO  flat  panel  detector)  was  used  to  acquire  images 
for  the  experiments.  The  EPID  is  mounted  on  retractable  arms  attached  to  the  gantry.  It  has  a 
detector  area  of  40x  30  cm2  with  a  matrix  of  1024  by  768  pixels  resulting  in  a  physical  pixel  size 
of  0.392  mm.  The  EPID  consists  of:  (1)  a  1.0  mm  thick  copper  plate  for  build-up,  (2)  a  phosphor 
screen  of  gadolinium  oxysulphide  doped  with  terbium  (Kodak  Lanex  Fast  Screen)  to  convert 
incident  radiation  to  visible  photons,  (3)  a  pixel  array  implanted  on  an  amorphous  silicon 
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substratum  where  each  pixel  is  made  up  of  a  photodiode  and  thin  film  transistor  to  convert  the 
light  photons  to  electric  charges  and  (4)  electronics  for  readout.  The  electrical  signals  are 
digitized  by  a  14  bit  analog-to-digital  converter  and  processed  into  image  data. 

2.2.  Geometric  status  of  the  EPID 

Baker  et  al.  (2005)  and  Parent  et  al.  (2006)  reported  that  a  systematic  tilt  of  the  EPIDs  was 
observed  in  their  studies  and  indicated  that  it  was  likely  to  occur  for  all  different  EPIDs;  Clarke 
and  Budgell  (2008)  have  also  demonstrated  the  effect  of  the  gantry  angle  on  the  EPID  sag. 
Therefore,  it  is  expected  that  the  imaging  geometry  for  the  EPID  at  different  gantry  angles  might 
deviate  from  an  ideal  configuration  that  we  base  on  for  the  measurement  of  the  leaf  end  position. 
We  need  to  establish  the  geometric  status  of  the  EPID  before  we  can  accurately  measure  the  leaf 
end  position  from  an  EPID  image.  Recently,  our  group  has  developed  a  geometric  quality 
assurance  phantom  and  an  automated  analysis  program  (gQA  tool)  to  study  the  geometric 
integrity  of  the  on-board  imager  (Mao  et  al ,  2008).  This  gQA  tool  was  used  in  this  work  to  study 
the  changes  in  the  overall  imaging  geometry  of  the  EPID  including  the  source-to-imager  distance 
(SID),  the  EPID  center,  and  the  tilt  of  the  EPID  for  every  10°  of  a  full  rotation  of  the  gantry. 
Based  on  the  geometric  information  provided  by  the  gQA  tool,  positional  corrections  were 
incorporated  into  the  measurement  of  the  leaf  end  position.  This  procedure  has  been  used  in  a 
project  of  tracking  fiducial  markers  using  combined  kV/MV  imaging  technique  (Wiersma  et  al , 
2008). 

2.3.  Measurement  of  the  leaf  end  position 

The  co-ordinate  systems  used  to  describe  the  imaging  geometry  of  the  EPID  are  shown  in  figure 
1.  The  (x,  y)  plane  denotes  the  isocentric  plane  with  the  origin  at  the  isocenter  (figure  1(a)).  The 
(p,  v)  plane  pertains  to  the  EPID  with  the  origin  O  at  the  center  of  the  EPID  (figure  (1(b)).  Both 
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the  (x,  y)  and  (p,  v)  planes  rotate  with  the  gantry  angle  CO.  The  p’-  and  v’-axes  are  defined  for  a 
tilted  EPID;  the  angles  y  and  0  represent  the  tilt  of  the  p’-  and  v’-axes  respectively  (figures  1(c) 
and  1(d)). 

Suppose  a  leaf  end  P  (assumed  to  be  a  point)  is  projected  to  A  on  the  EPID  plane  (p,  v) 
(figure  2(a)).  The  projection  of  A  on  the  p-  and  V-  axes  are  A^  and  Av  respectively.  The 
distances  of  A^  and  Av  are  at  pi  and  Vi  from  O  respectively.  Now  consider  a  vertical  plane 
passing  through  the  x-ray  source  (S),  isocenter  (I)  and  the  point  A^  (figure  2(b)),  and  if  we 
assume  the  imager  is  in  perfect  horizontal  alignment;  the  position  of  the  leaf  end  on  the  x-axis  of 
the  isocentric  plane  can  be  calculated. 

From  similar  triangles  SIC  and  SOA^, 


xi 


=  PlX 


SAD 
SID  ’ 


(1) 


Similarly, 


Yi  -  vi x 


SAD 
SID  ’ 


(2) 


Now  assume  the  imager  is  tilted  to  an  angle  y,  the  leaf  end  is  projected  to  a  point  B  on  the  tilted 
EPID  instead  of  A  on  the  horizontal  EPID.  The  projection  of  B  on  the  p  -axis  is  B^,  which  is  at  a 
distance  of  p’  i  form  O. 

From  similar  triangles  SDB^  and  SOA^,  the  position  of  the  leaf  end  (pO  on  the  p-axis  can  be 
found  by 


Pj  =  p^  cosyx- 


SID 


(3) 


SID  -  p  1  sin  y 

Using  equation  (1),  the  corresponding  leaf  end  position  on  x-axis  (xi)  of  the  isocentric  plane  is 

SAD 


xj  =  p'|  cosyx 


SID  -  p  j  sin  y 


(4) 
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And  if  we  further  incorporate  the  EPID  offset  distance  (d^)  along  the  q  -axis  into  equation  (4),  we 
have 


xi  -  (p'i+dM')C0S  Yx - T - 1 - •  (5) 

1  ^  M  *  SID-^+dJsiny 

Without  loss  of  generality,  the  corresponding  leaf  end  position  on  y-axis  (yO  of  the  isocentric 
plane  is 


Yi  =  (v^+d^jcosOx 


SAD 


SID  -  (v^+dy^sin  6  ' 


(6) 


In  a  perfect  imaging  geometry  where  the  tilts  y  and  0  equal  to  zero  (q’=q;  v’=v),  and  there  is  no 
offsets  of  the  EPID  center;  the  equations  (5)  and  (6)  reduce  to  equations  (1)  and  (2)  respectively. 


2.4.  Software  development 

A  step-and-shoot  IMRT  field  is  made  up  of  a  number  of  segments;  each  segment  is  specified  by 
prescribed  leaf  positions  and  a  fraction  of  the  total  monitor  units  (fMU)  to  be  delivered  for  this 
segment.  For  the  experiments,  a  step-and-shoot  IMRT  field  with  an  open  segment  of  10  cm  high 
by  1  cm  wide  (‘open  gap’  field)  was  designed  to  step  through  a  distance  of  10  cm  from  -5  cm  to  5 
cm  on  the  x-axis  of  the  isocentric  plane.  Five  MU  was  assigned  to  each  segment.  The  leaf 
motion  was  parallel  to  the  q-axis  of  the  imager.  This  IMRT  field  was  delivered  to  a  pelvic 
phantom  with  its  center  aligned  to  the  isocenter  at  a  gantry  angle  of  0°  (IEC  scale).  The  6  MV 
beam  was  used  at  a  dose  rate  of  300  MU/minute.  The  EPID  was  positioned  at  a  SID  of  150  cm. 
During  the  IMRT  delivery,  EPID  images  were  acquired  at  a  frame  rate  of  6.7  frames  per  second, 
and  the  acquisition  was  synchronized  with  the  beam.  All  EPID  images  were  processed  with  the 
dark-field  and  flood-field  corrections.  The  delivery  was  repeated  three  times  at  this  angle  and 
also  at  other  orthogonal  angles  of  90°,  180°,  and  270°  in  order  to  study  the  effect  of  gravity  on  the 
measurement  of  the  leaf  position  from  the  EPID  images. 
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An  in-house  program  written  in  MatLab  code  (MathWorks,  Inc.,  Natick,  MA)  was  developed 
to  re-constitute  the  EPID-measured  LS  file.  The  program  first  identifies  different  segments  from 
a  series  of  EPID  images  captured  from  the  IMRT  field  by  performing  morphologic  comparison. 
The  same  images  of  a  segment  are  grouped  together;  the  first  and  last  images  are  taken  as  the 
starting  and  ending  shapes  for  that  particular  segment.  For  each  segment  image,  the  positions  of 
the  leaf  ends  are  searched  near  the  penumbral  regions  by  a  maximum  gradient  edge  detection 
algorithm  in  a  scanline  fashion  for  the  pixel  rows.  The  maximum  gradient  in  intensity  in  the 
penumbral  region  of  a  portal  image  has  been  confirmed  to  correspond  to  the  50%  intensity  level 
(Bijhold  et  al. ,  1991;  Partridge  et  al. ,  1998)  that  depicts  the  dosimetric  leaf  edge  (ICRU,  1976). 
The  pixel  location  (column  number,  row  number)  of  the  leaf  end  found  is  spatially  converted  and 
projected  back  to  the  isocentric  plane  with  the  positional  corrections  using  equations  (5)  and  (6). 
Only  the  pixel  rows  that  correspond  to  the  central  one-third  of  the  leaf  are  calculated  to  avoid  the 
influence  of  the  interleaf  transmission  (James  et  al .,  2000;  Vieira  et  al.,  2002);  the  final  leaf  end 
position  is  defined  as  an  average  of  the  positions  of  the  leaf  ends  found  from  the  set  of  pixel  rows 
that  belong  to  the  same  leaf  (Baker  et  al.,  2005;  James  et  al.,  2000;  Vieira  et  al.,  2002).  The  leaf 
positions  of  each  pair  of  MLC  leaves  for  each  segment  image  are  then  coupled  with  the  fMU 
associated  with  that  particular  segment  by  referring  to  the  synchronized  beam  on  signal  and 
cumulative  MU  sampled  from  the  beam  control  circuitry  and  MLC  workstation  respectively 
(Partridge  et  al.,  1998;  Woo  et  al.,  2003).  After  all  the  segments  in  one  delivered  field  have  been 
analyzed,  an  EPDI-measured  LS  file  is  re-constituted  in  a  format  readable  by  the  TPS  using  the 
segmental  leaf  positions  and  fMU  values.  The  EPDI-measured  LS  file,  which  reflects  the  actual 
delivery,  is  then  used  to  derive  the  delivered  fluence  map  for  dose  reconstruction. 

The  assessment  of  the  developed  software  on  the  measurement  of  the  leaf  end  position  was 
performed  by  comparing  the  measured  and  expected  leaf  end  positions  from  the  ‘open  gap’  field 


experiments. 
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2.5.  Dose  reconstruction 

A  typical  prostate  step-and-shoot  IMRT  plan  with  seven  co-planar  fields  was  copied  from  a 
patient  case  and  applied  to  a  pelvic  phantom.  The  treatment  was  delivered  to  the  pelvic  phantom 
as  in  a  routine  clinical  setting  on  a  Trilogy  linac  using  the  6  MV  photon  beam  at  a  dose  rate  of 
300MU/minute.  EPDI  images  were  acquired  during  the  entire  delivery  as  described  previously. 
For  each  delivered  field,  there  were  about  9  to  13  segments  depending  on  the  modulation  of  the 
fluence  map,  and  there  were  about  4-6  EPID  images  captured  for  each  individual  segment  making 
a  total  of  about  40  to  80  EPID  images  for  each  delivered  field.  A  typical  prostate  IMRT  would 
result  in  about  450  EPID  images.  These  images  were  discarded  once  the  analysis  was  done  to 
save  computer  space.  The  EPID  images  were  analyzed  by  the  developed  software,  and  the  re¬ 
constituted  LS  files  were  loaded  back  to  the  Eclipse  TPS  (Varian  Medical  Systems,  Palo  Alto)  to 
derive  the  delivered  fluence  maps.  The  delivered  and  planned  fluence  maps  were  compared. 
Dose  reconstruction  was  then  performed  on  the  pelvic  phantom  using  the  delivered  fluence  maps. 
The  workflow  is  shown  schematically  in  figure  3.  Dose  reconstruction  was  also  performed  using 
the  planned  fluence  maps.  The  dose  distributions  from  the  two  dose  reconstructions  on  the  three 
orthogonal  planes  through  the  isocenter  were  compared.  Note  that  the  plan  was  not  optimized  for 
the  pelvic  phantom,  it  is  merely  used  to  show  the  difference  in  dose  reconstruction  from  using  the 
delivered  against  planned  fluence  maps. 

3.  Results 

3.1.  ‘Open  gap’  field  experiments 

For  each  MLC  segment  in  the  ‘open  gap’  field,  the  mean  deviation  (a)  of  the  leaves  (leaf  m  to 
leaf  n)  forming  the  gap  on  each  bank  from  their  expected  positions  is  defined  as 
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where  Xi  and  xi>expected  are  the  measured  and  expected  leaf  end  positions  of  the  ith  leaf  respectively. 

The  mean  deviations  of  the  leaves  for  the  10  segments  (Banks  B  and  A)  delivered  at  the 
gantry  angle  0°  were  about  0.6  mm  to  1.0  mm  and  were  reproducible  for  the  three  repeated 
measurements  (Table  1).  The  mean  deviations  of  the  leaves  for  the  10  segments  (Banks  B  and  A) 
delivered  at  the  four  principal  orthogonal  gantry  angles  were  of  the  same  order  of  magnitude 
(Table  2).  However,  we  noticed  that  whilst  the  mean  deviations  for  the  gantry  angle  270°  were 
similar  to  that  at  the  gantry  angle  0°;  the  mean  deviations  for  the  gantry  angles  of  90°  and  180° 
were  found  to  be  smaller  (~  0.3  mm  to  0.7  mm). 


3.2.  Prostate  IMRT  delivery:  MLC  segments  captured  by  EPID 

Figure  4  shows  a  series  of  13  segments  (only  the  first  image  of  each  segment  is  shown)  captured 
by  the  EPID  for  the  delivered  field  at  the  gantry  angle  0°  in  the  prostate  IMRT  delivery.  The 
corresponding  leaf  end  positions  calculated  by  the  developed  software  for  each  individual 
segment  are  shown  in  figure  5.  The  calculated  leaf  end  positions  were  well  within  1.0  mm  of 
their  expected  positions. 

3.3.  Derivation  offluence  maps  and  dose  reconstruction 

The  delivered  fluence  maps  derived  from  the  EPID-measured  LS  files  for  the  seven  IMRT  fields 
are  shown  in  figure  6(a);  there  were  slight  differences  (arrows)  in  the  intensity  levels  when 
compared  to  the  corresponding  planned  fluence  maps  from  the  original  plan. 

The  dose  reconstruction  using  the  delivered  fluence  maps  showed  no  discernible  difference 
for  all  the  isodose  lines  except  the  one  for  the  105%  when  compared  to  the  expected  dose 
distribution  (Figure  7).  The  volumes  pertaining  to  a  dose  level  of  105%  or  above  were  12  cm3 
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and  27  cm3  for  the  delivered  and  expected  dose  distributions  respectively.  The  maximum  dose  in 
the  delivered  dose  distribution  was  2.5  %  lower  than  that  in  the  expected  dose  distribution. 

4.  Discussion 

We  have  shown  the  feasibility  in  re-constituting  an  EPID-measured  LS  file  and  using  it  to  derive 
the  delivered  fluence  map  for  dose  reconstruction.  The  approach  is  equivalent  to  using  the  MLC 
log-files  for  dose  reconstruction  (Lee  et  al. ,  2008;  Stell  et  al ,  2004)  and  yet  avoiding  the 
dependency  of  the  recorded  leaf  positions  on  the  leaf  calibration. 

At  the  outset,  our  main  concern  was  the  influence  of  EPID  sag  and  tilt  at  different  gantry 
angles  on  the  measurement  of  the  leaf  end  position.  Clark  and  Budgell  (2008)  and  Woo  et  al 
(2003)  have  solved  this  problem  by  calibration  techniques.  For  us,  with  the  use  of  our  developed 
gQA  tool,  we  were  able  to  quantify  the  EPID  sag  and  tilt  to  a  reasonable  accuracy  (Mao  et  al. , 
2008)  and  incorporate  this  information  in  the  calculation  of  the  leaf  end  positions. 

From  the  results  of  the  ‘open  gap’  field  experiments,  we  found  that  the  mean  deviation  of  the 
leaves  was  about  1.0  mm  which  was  expected  of  a  MLC-based  IMRT  delivery  (Eilertsen,  1997; 
Vieira  et  al ,  2002)  taking  into  account  that  (1)  a  tolerance  of  1.5  mm  in  the  leaf  position  was 
allowed  during  the  actual  delivery,  (2)  the  associated  image  noise  that  somewhat  compromised 
the  accurate  measurement  of  the  leaf  end  at  the  penumbral  region  and  (3)  the  slight  effect  of  leaf 
sagging  at  various  gantry  angles  (Clarke  and  Budgell,  2008).  The  projected  pixel  size  at  the 
isocentric  plane  is  0.26  mm,  which  means  that  the  mean  deviation  was  about  4  pixels.  We  found 
that  the  mean  deviations  of  the  leaves  at  gantry  angle  90°  and  180°  (~0.6  mm)  were  in  general 
smaller  than  that  at  the  gantry  angle  0°  and  270°,  and  there  was  no  discernible  difference  in  the 
mean  deviations  for  the  two  different  banks  when  the  gantry  was  horizontally  placed  (gantry 
angle  90°  and  270°).  Under  the  present  experimental  setup,  the  data  we  acquired  was  insufficient 
for  us  to  explain  this  phenomenon;  one  possible  explanation  could  be  that  the  routine  leaf 
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calibration  is  done  at  the  gantry  angle  0°  and  it  might  deviate  from  the  ideal  scenario  at  other 
gantry  angles.  Moreover,  a  smaller  mean  deviation  does  not  necessarily  mean  it  is  more  accurate 
in  the  leaf  position  at  these  gantry  angles;  it  simply  means  the  condition  of  the  leaf  positioning 
was  different  from  that  at  the  gantry  angle  0°  and  180°.  Further  work  needs  to  be  done  to  find  out 
the  causes  for  this  phenomenon. 

In  an  ideal  step-and-shoot  IMRT  delivery,  the  MLC  segment  is  supposed  to  be  stationary 
whilst  the  beam  is  on  and  only  to  change  shape  whilst  beam  is  held  off.  However,  it  is  well  aware 
that  some  leaves  do  actually  move  whilst  the  beam  is  on  (Li  et  al.,  2003;  Stell  et  al.,  2004;  Zeidan 
et  al .,  2004).  Therefore,  in  re-constituting  the  LS  file,  we  adopted  to  use  the  first  and  last  images 
of  a  segment  as  the  two  control  points  in  the  LS  file  trying  to  capture  the  movement  of  the  leaves 
that  might  have  occurred  during  the  beam-on  time.  The  results  showed  that  it  was  impossible  to 
distinguish  whether  the  movement  detected  was  due  to  an  actual  leaf  displacement  between  the 
two  control  points  or  simply  the  uncertainty  of  the  leaf  end  position  confounded  by  the  image 
noise  at  the  penumbral  region.  Nevertheless,  the  movements  we  found  were  all  less  than  0.2  mm 
(~  one  pixel  size),  which  led  us  to  presume  that  they  truly  reflected  the  real  situation  and 
incorporate  these  in  the  LS  file.  This  is  a  limitation  typically  encountered  when  one  tries  to 
extract  spatial  information  from  a  noisy  image. 

In  the  comparison  of  the  delivered  fluence  maps  with  the  planned  ones,  the  differences  in  the 
intensity  levels  seen  were  attributable  to  the  combined  effect  of  leaf  deviations  in  each  of  the 
contributing  segments  and  the  inherent  fMU  redistribution  (Stell  et  al .,  2004;  Xia  et  al .,  2002); 
the  dosimetric  impact  of  these  differences  was  reflected  in  the  dose  reconstruction  using  the 
delivered  fluence  maps.  The  differences  in  the  105%  isodose  level  and  the  maximum  dose 
between  the  delivered  and  expected  dose  distributions  indicate  that  a  need  for  employing  the 
delivered  rather  than  planned  fluence  maps  for  dose  reconstruction  in  ART  is  warranted. 
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One  might  argue  that  dose  reconstruction  should  be  accomplished  by  in-vivo  exit  portal 
dosimetry  (McDermott  et  al ,  2007;  McDermott  et  al ,  2008;  van  Elmpt  et  al ,  2007),  but  the 
technique  is  still  in  its  development  and  impeded  by  some  unresolved  issues  such  as  dosimetric 
non-linearities  of  the  aSi-EPID  (Budgell  et  al ,  2005;  McDermott  et  al ,  2006a)  that  require 
tedious  calibration  and  correction  (Nijsten  et  al ,  2007)  and  the  correction  of  scatter  from  the 
patient  (McDermott  et  al ,  2006b;  McDermott  et  al ,  2008).  Compared  to  these  dosimetric 
methods,  our  approach  is  based  on  a  well-proven  superiority  of  aSi-EPID  in  spatial  determination 
of  the  leaf  end  position;  it  is  also  straightforward  and  easy  to  implement  at  a  clinic.  In  addition, 
the  proposed  approach  is  equally  well  suited  for  IMRT  dose  verification  purposes. 

5.  Conclusions 

We  presented  here  a  proof  of  feasibility  and  principles  in  re-constituting  a  leaf  sequence  file  that 
reflects  the  actual  delivery  of  an  IMRT  based  on  the  MLC  segments  captured  by  an  EPID.  This 
EPID-measured  LS  file  can  serve  the  same  purpose  as  a  MLC  log-file  does  for  the  derivation  of 
the  delivered  fluence  map  and  is  independent  of  the  leaf  calibration.  The  approach  also  allows 
users  who  do  not  have  access  to  MLC  log-files  to  probe  the  actual  IMRT  delivery  and  translate 
the  information  gained  for  dose  reconstruction  in  ART. 
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Figure  captions 

Figure  1.  Co-ordinate  systems  describing  the  imaging  geometry  of  the  EPID.  (a)  Isocentric  plane 
(x,  y)  and  gantry  angle  CO  as  viewed  from  the  couch  end.  (b)  EPID  (p,  v)  plane  as  viewed  in  the 
beam’s  eye  view,  (c)  EPID’s  p-axis  tilt  y  as  viewed  from  the  couch  end.  (d)  EPID’s  v-axis  tilt  0 
as  viewed  from  the  side.  SAD:  source-to-axis  distance;  SID:  source-to-imager  distance. 

Figure  2.  Schematic  diagrams  showing  the  projection  of  a  leaf  end  P  on  the  EPID  (p,  v)  plane  (a) 
and  the  geometrical  relationship  of  various  parameters  in  the  calculation  of  the  leaf  end  position 
on  the  isocentric  plane  (b).  SAD:  source-to-axis  distance ;  SID:  source-to-imager  distance. 

Figure  3.  Schematic  diagram  showing  the  workflow  from  the  acquisition  of  the  MLC  segments  to 
the  dose  reconstruction  in  the  prostate  IMRT  delivery. 

Figure  4.  A  series  of  13  MLC  segments  captured  by  the  EPID  for  the  delivered  field  at  the  gantry 
angle  0°  for  the  prostate  IMRT  delivery. 

Figure  5.  A  series  of  leaf  end  positions  for  each  individual  MLC  segment  from  figure  4. 

Figure  6.  (a)  Delivered  fluence  maps  from  EPID-measured  leaf  sequence  files,  (b)  Planned 
fluence  maps.  The  differences  in  the  intensity  levels  between  the  delivered  and  planned  fluence 
maps  are  highlighted  by  the  arrows. 

Figure  7.  (a)  Delivered  dose  distribution  calculated  with  fluence  maps  derived  from  EPID- 
measured  leaf  sequence  files,  (b)  Expected  dose  distribution  calculated  with  planned  fluence 
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maps.  The  differences  in  the  dose  distribution  (105%  level)  between  the  delivered  and  expected 
dose  distributions  for  the  three  orthogonal  planes  are  highlighted  by  the  arrows. 


Bank  A  BankB  Bank  A  Bank  B 
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T  able  1  The  m ean  deviations  of  the  1  eaves  (B  anks  B  and  A)  for  the  1 0  segments  of  the  ‘  open  gap’  fiel  d 
delivered  at  the  gantry  angle  0°  in  three  repeated  deliveries. 
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Figure  3 
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Figure  4 
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Figure  5 
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Figure  6 
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Figure  7 
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Abstract 


Kilovotage  cone-beam  computed  tomography  (kV-CBCT)  has  shown  potentials  to  improve 
accuracy  of  patient  setup  in  radiotherapy.  However,  daily  and  repeated  use  of  CBCT  will 
deliver  high  extra  radiation  doses  to  patients.  One  way  to  reduce  the  patient  dose  is  to  lower 
mAs  when  acquiring  projection  data.  This,  however,  degrades  the  quality  of  low-mAs  CBCT 
images  dramatically  due  to  excessive  noises.  In  this  work,  we  aim  to  improve  the  CBCT 
image  quality  from  low  mAs  scans.  Based  on  the  measured  noise  properties  of  the  sinogram, 
a  penalized  weighted  least-squares  (PWLS)  objective  function  was  constructed,  and  the  ideal 
sinogram  were  then  estimated  by  minimizing  the  PWLS  objection  function.  To  preserve  the 
edge  information  in  the  projection  data,  an  anisotropic  penalty  term  was  designed  using  the 
intensity  difference  between  neighboring  pixels.  The  effectiveness  of  the  presented  algorithm 
was  demonstrated  by  two  experimental  phantom  studies.  Noise  in  the  reconstructed  CBCT 
image  acquired  with  the  low-mAs  protocol  was  greatly  suppressed  after  the  proposed 
sinogram-domain  image  processing,  without  noticeable  sacrifice  of  the  spatial  resolution. 
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I.  Introduction 


Integration  of  the  kilovotage  cone-beam  computed  tomography  (kV-CBCT)  with  linear 
accelerator  makes  it  possible  to  acquire  high  resolution  volumetric  image  of  a  patient  at 
treatment  position.  There  is  growing  interests  in  using  on-board  kV-CBCT  for  patient 
treatment  position  setup  and  dose  reconstruction  in  radiotherapy  (Xing  et  al.,  2006;  Yang  et 
al.  2007;  Lee  et  al.  2008).  However,  the  repeated  use  of  kV-CBCT  during  the  course  of  a 
treatment  has  raised  concerns  of  extra  radiation  dose  delivered  to  patients  (Brenner  and  Hall, 
2007;  Islam  et  al.,  2006;  Wen  et  al.,  2007).  It  has  been  reported  (Wen  et  al.,  2007)  that  the 
dose  delivered  from  a  Varian’s  kV-CBCT  system  with  current  clinical  protocols  is  more  than 
3  cGy  for  central  tissue  and  about  5  cGy  for  most  of  the  peripheral  tissues  during  an  IMRT 
(intensity  modulated  radiation  therapy)  treatment  course  for  prostate  cancer.  The  extra 
radiation  exposure  to  normal  tissue  during  kV-CBCT  will  significantly  increase  the 
probability  of  stochastic  risk  of  inducing  cancer  and  genetic  defects.  Based  on  the  ALARA 
(As  Low  As  Reasonably  Achievable)  principle,  the  unwanted  kY-CBCT  dose  should  be 
minimized  to  fully  realize  its  advantages  of  precise  target  localization  during  radiotherapy 
(Murphy  et  al.,  2007). 

One  way  to  reduce  the  radiation  dose  delivered  to  patients  during  kY-CBCT 
procedure  is  to  acquire  CT  projection  data  with  a  lower  mAs  level  (can  be  realized  by 
reducing  the  tube  current  or  pulse  time).  However,  the  image  quality  of  the  projection  image 
and  the  reconstructed  CBCT  image  will  be  degraded  due  to  excessive  quantum  noise  as  a 
result  of  low  mAs  protocol.  Conventionally,  noise  in  CT  is  suppressed  by  using  a  low-pass 
filter  to  attenuate  the  high-frequency  component  of  the  projection  data  during  reconstruction. 


3 


High  frequency  component  contains  information  of  both  noise  and  edges,  where  a  simple 
low-pass  fdter  can  not  differentiate  edge  information  from  noise.  Therefore,  noise  reduction 
using  a  low-pass  filter  will  result  in  loss  of  edges,  which  is  not  desirable  for  CT  imaging. 
Several  edge-preserving  filters  (Hsieh,  1998;  Kachelriess  et  al.,  2001;  Zhong  et  al.,  2004) 
have  been  proposed  to  reduce  noise  in  CT  images  based  on  local  characteristics  of  the 
projection  data  elements.  More  recently,  statistics-based  image-domain  (Li  et  al.,  2005a)  and 
sinogram  domain  restoration  algorithms  (Li  et  al.,  2004;  La  Riviere,  2005;  La  Riviere  and 
Billmire,  2005;  Wang  et  al.,  2006)  have  shown  advantages  in  noise  reduction  and  edge 
preservation  for  low-dose  fan-beam  CT.  In  the  mean  time,  noise  properties  of  CT  projection 
data  have  been  under  investigation  (Li  et  al.,  2004;  Whiting  et  al.,  2006)  and  the  noise  model 
of  the  sinogram  data  in  Radon  space  (i.e.,  line  integrals)  has  been  validated  by  experimental 
studies  (Wang  et  al.,  2008).  In  this  work,  we  aim  to  improve  low-dose  CBCT  image  quality 
by  reducing  noise  in  CBCT  sinogram  before  image  reconstruction.  The  noise  reduction 
algorithm  incorporates  the  noise  modeling  of  the  CT  sinogram  data  in  Radon  space  (line 
integrals)  to  construct  a  penalized  weighted  least-squares  (PWLS)  objective  function 
(FESSLER,  1994;  Sukovic  and  Clinthome,  2000).  The  ideal  solution  of  the  line  integrals  is 
then  estimated  by  minimizing  the  PWLS  objective  function.  The  weighted  least  square  is 
based  on  the  first  and  second  moments  of  the  noise  in  the  sinogram  data  and  an  anisotropic 
penalty  is  designed  to  preserve  the  edges  in  sinogram.  CBCT  images  are  reconstructed  by 
using  the  FDK  (FELDKAMP  et  al.,  1984)  algorithm  after  all  sinogram  images  are  processed 
by  PWLS  criterion  sequentially.  The  effectiveness  of  the  PWLS-based  noise  reduction 
algorithm  is  demonstrated  by  two  experimental  phantom  studies. 
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II.  Methods  and  Materials 


A.  CBCT  Sinogram  Smoothing 


Ideally,  the  line  integral  of  attenuation  coefficients  can  be  calculated  by 


Pi 


=  In 


Nm 

N, 


(1) 


where  Ni0  and  Ni  are  the  incident  photon  number  and  detected  photon  number  at  detector 


bin  i  respectively.  For  the  ease  of  presentation,  we  refer  the  measurement  as  photon  number. 


In  a  real  X-ray  CBCT  system,  the  measured  signal  is  total  energy  deposit  on  the  flat-panel 


detector.  In  the  following  of  this  paper,  we  refer  the  value  of  pt  as  the  sinogram  datum  at 


detector  bin  i.  Mathematically,  the  PWLS  cost  function  in  sinogram  domain  can  be  written  as: 

®(p)  =  (y-p)T^-\y-p)+ (2) 


The  first  term  in  equation  (2)  is  a  weighted  least-squares  criterion,  where  y  is  the  vector  of 
the  measured  sinogram  data  and  p  is  the  vector  of  ideal  sinogram  data  to  be  estimated. 
Symbol  T  denotes  the  transpose  operator.  The  matrix  Z  is  diagonal  matrix  and  its  z'th  element 
is  the  variance  of  sinogram  data  at  detector  bin  i.  The  second  term  in  equation  (2)  is  a 
smoothness  penalty  or  a  prior  constraint,  where  /?  is  the  smoothing  parameter  which 
controls  the  degree  of  agreement  between  the  estimated  and  the  measured  data. 


The  element  of  the  diagonal  matrix  Z  is  the  variance  of  the  corresponding  sinogram 
datum  and  it  determines  the  contribution  of  each  sinogram  datum  to  the  cost  function.  Based 
on  the  sinogram  noise  modeling  in  (Li  et  al.,  2004)  and  (Wang  et  al.,  2008),  the  variance  of 
the  sinogram  dataum  can  be  estimated  by: 
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(3) 


a;  =  Qxp(Pj)/  Ni0, 

For  a  fixed  incident  photon  number  Ni0,  a  sinogram  datum  with  a  larger  value  will  have  a 
larger  variance  and  therefore  less  contribution  to  the  cost  function  since  the  weight  of  that 
measured  datum  is  l/of  as  defined  in  (2).  This  can  be  understood  by  the  following 
observation.  A  larger  sinogram  datum  value  pt  at  detector  bin  i  indicates  less  X-ray  photons 
being  detected,  i.e.,  smaller  Ni  in  equation  (1),  or  more  photons  being  attenuated  along  the 

projection  path  i.  A  detector  bin  receiving  less  photons  will  be  associated  with  a  smaller 
signal-to-noise  ratio  (SNR)  based  on  the  Poisson  noise  nature  of  the  detected  X-ray  photons. 
Therefore,  the  weighted  least-squares  criterion  reflects  the  above  observation  that  the 
measured  datum  with  a  lower  SNR  will  contribute  less  for  estimation  of  its  ideal  sinogram 
datum. 


To  calculate  the  sinogram  datum  variance  at  detector  bin  i  via  equation  (3),  we  need 
to  estimate  the  incident  photon  number  Ni0  for  calculation  of  the  sinogram  variance.  The 

incident  photon  number  is  mainly  determined  by  the  protocols  of  tube  current  and  duration  of 
X-ray  pulse  (i.e.  mAs).  Ideally  the  incident  X-ray  flux  from  the  tube  would  be  calibrated  as 
uniform  as  possible  across  the  FOV,  i.e.,  Nj0  is  a  constant  for  all  the  detector  bins.  In  reality, 

the  X-ray  flux  is  modulated  to  consider  the  concavity  shape  of  the  human  body  by  the  bow- 
tie  attenuating  filter  prior  to  arrival  at  the  patients.  Therefore,  the  incident  photon  number 
will  not  be  a  constant  across  the  FOV.  To  estimate  the  incident  intensity  over  the  FOV  at  a 
specific  mAs  level,  we  performed  the  air  scan  and  then  average  the  projection  image  over  all 
projection  view  angles.  Figure  1  shows  the  incident  X-ray  intensity  with  the  tube  current  80 
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mA  and  duration  of  pulse  10  ms.  The  incident  X-ray  intensity  can  then  be  used  for  estimation 
of  sinogram  data  variance  {erf}. 

The  penalty  term  in  equation  (2)  is  a  prior  or  smoothing  constraint,  which  encourages 
the  equivalence  between  neighboring  data  elements.  In  (Li  et  al.,  2004;  Wang  et  al.,  2006),  a 
penalty  of  quadratic  form  with  equal  weights  for  all  neighbors  has  been  used  for  sinogram 
smoothing  of  fan-beam  CT : 

R(P)  =  X^Cp-p.)2-  (4) 

n 

where  n  represents  four  nearest  neighbors  around  pixel  i  and  win  is  the  weight  for  neighbor  n. 

With  an  equal  weight  for  the  four  nearest  neighbors,  these  neighbors  play  equivalent  role  in 
constraining  the  solution.  As  such,  it  provides  a  uniform  regularization  without  considering 
details  of  intensity  variation  and  possibly  presence  of  edges  in  the  sinogram  image.  To 
preserve  the  edge  information  in  the  sinogram  image  of  CBCT,  we  propose  to  use  anisotropic 
weights  for  different  neighbors  in  the  sinogram  image.  The  weight  of  the  neighbor  is 
determined  by  the  magnitude  of  difference  between  neighbors  and  the  concerned  pixel.  For  a 
larger  difference  between  the  neighbor  and  the  pixel,  then  coupling  between  them  should  be 
weaker  and  the  weight  win  should  be  smaller.  This  form  of  the  weight  is  chosen  the  same  as 

the  conducting  coefficient  in  the  well-known  anisotropic  diffusion  filter  (PERONA  and 
MALIK,  1990): 

wm  =  exp[-( A  /n)2]-  (5) 

o 
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where  the  gradient  determines  the  strength  of  the  diffusion  during  each  iteration  and  the 
parameter  5  was  chosen  as  the  90%  of  histogram  of  the  gradient  magnitude  of  the  sinogram 
to  be  processed  (PERONA  and  MALIK,  1990). 


Minimization  of  the  objective  function  (2)  can  be  performed  efficiently  by  iterative 
Gauss-Seidel  updating  strategy.  The  updating  formula  for  solution  of  p  is  given  by: 


Ak+1)  _  _ 


neN 


hgn; 


1  +  P<3  ~  y  W; 


(6) 


i  /  j  in 
ugN,- 


where  index  k  represents  iterative  number,  N]  denotes  thosetwo  nearest  neighbors  of  i  whose 


index  is  smaller  than  i,  Nf  denotes  those  two  nearest  neighbors  of  i  whose  index  is  larger 


than  i,  and  Nj  denotes  these  four  nearest  neighbors  of  pixel  i  in  the  sinogram  image.  The 
initial  of  p  is  given  by  the  measured  data  y . 


B.  On-board  kV-CBCT 

The  cone-beam  CT  projection  data  was  acquired  by  the  Exact  Arms  (kV  source/detector  arms) 
of  a  Trilogy™  treatment  system  (Varian  Medical  Systems,  Palo  Alto,  CA).  The  number  of 
projections  for  a  full  360°  rotation  is  around  634.  The  dimension  of  each  acquired  projection 
image  397  mm  x  298  mm,  containing  1024x768  pixels.  The  system  has  a  field  of  view 
(FOV)  of  25  cmx25  cm  (full-fan  mode)  in  the  transverse  plane  and  17  cm  in  the  longitudinal 
direction,  which  can  be  increased  to  45  cmx45  cm  in  the  transverse  plane  by  shifting  the 
detector  laterally  (half-fan  mode). 
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Two  phantoms  were  used  to  evaluate  the  performance  of  the  proposed  PWLS 
algorithm  in  this  study.  The  first  phantom  is  a  commercial  calibration  phantom  CatPhan® 
600  (The  Phantom  Laboratory,  Inc.,  Salem,  NY).  Details  about  the  CatPhan®  600  phantom 
can  be  found  in  (Li  et  al. ,  2005a).  The  second  one  is  an  anthropomorphic  head  phantom  (see 
Figure  2).  For  each  phantom,  the  X-ray  tube  current  was  set  at  10  mA  (low-dose)  and  80  mA 
(high-dose)  during  acquisition  of  CBCT  projection  images.  At  both  mA  levels,  the  duration 
of  the  x-ray  pulse  at  each  projection  view  was  10  ms.  The  tube  voltage  was  set  to  125  kVp 
during  all  data  acquisitions.  After  each  sinogram  acquired  with  low  mAs  protocol  was 
processed  by  the  PWLS  algorithm  described  above,  the  CBCT  image  was  reconstructed  by 
the  FDK  algorithm.  The  voxel  size  in  the  reconstructed  image  is  0.5  x  05  x  0.5  mm3. 

III.  Results 

A.  CatPhan®  600  phantom 

We  first  tested  the  proposed  algorithm  on  the  CatPhan®  600  phantom.  Several  representative 
slices  of  the  reconstructed  CBCT  are  shown  in  Figures  3,  4  and  6.  In  each  of  these  figures,  (a) 
is  the  FDK  reconstructed  image  form  the  projection  data  acquired  with  10  mA  tube  current; 
(b)  is  the  FDK  reconstructed  image  from  the  sinogram  processed  by  the  proposed  PWLS 
sinogram  smoothing  algorithm;  and  (c)  is  the  FDK  reconstructed  image  from  the  sinogram 
obtained  with  80  mA  tube  current. 
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Figure  3  shows  one  slice  of  image  contains  a  point-like  object,  which  mimics  a 
fiducial  marker.  In  Figure  3  (a),  the  point  source  is  difficult  to  be  observed.  After  sinogram 
were  processed  by  the  PWLS  algorithm,  the  reconstructed  image  (Figure  3(b))  is  very  similar 
to  that  of  the  one  obtained  with  high  mA  protocol  (Figure  3(c)).  The  point  source  was  well- 
recovered  and  easy  to  be  detected. 

Figure  4  shows  one  slice  of  image  contains  several  strips  with  different  sizes  and 
contrasts,  which  can  be  used  to  study  the  edge  information  in  the  reconstructed  images.  The 
CT  image  reconstructed  from  the  PWLS  processed  sinogram  in  comparable  to  that  obtained 
with  80  mA  protocol  in  terms  of  detecability  of  the  strips,  see  the  ROI2  in  figure  4(c).  To 
show  the  difference  between  Figure  4  (a),  (b)  and  (c),  in  Figure  5  we  plotted  horizontal 
profiles  along  the  central  strips  (see  ROI1  of  Figure  4(c)).  It  can  be  observed  that  the  edges 
are  well  preserved  (compare  profiles  through  Figure  3(b)  and  3(c))  while  noise  is  effectively 
suppressed  (compare  profiles  through  figure  3(a)  and  3(b)). 


To  further  quantitatively  evaluate  the  effectiveness  of  the  PWLS  sinogram  smoothing 
algorithm,  we  calculated  the  contrast  to  noise  ratio  (CNR)  at  different  regions  of  interest 
(ROIs)  in  the  images  shown  in  Figure  6.  The  CNR  is  defined  as: 


CNR  =  ^  ^ 
r 


2  2 

o'.  +°b 


(7) 


where  jus  is  the  mean  value  of  the  signal  and  juh  is  the  mean  value  of  background.  Four 

circular  objects  (indicated  by  arrows  in  Figure  6)  with  different  intensities  were  chosen  to 
calculate  CNRs.  Table  I  lists  the  CNRs  of  these  five  ROIs.  After  10  mA  sinogram  were 
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processed  by  the  PWLS  algorithm,  CNR  in  the  reconstructed  image  improve  significantly.  It 
can  be  observed  that  the  CNR  of  PWLS  processed  10  mA  image  is  comparable  to  that  of  the 
image  acquired  with  80  mA  protocol. 


Table  I:  CNRs  of  4  ROIs  in  Figure  5. 


ROI1 

ROI2 

ROB 

ROM 

ROI5 

80  mA 

1.83 

7.31 

4.75 

1.51 

0.89 

10  mA 

0.82 

2.70 

1.68 

0.49 

H 

PWLS  10  mA 
,9=0.05 

1.92 

6.88 

4.75 

1.33 

0.85 

B.  Anthropomorphic  head  phantom 

Results  of  the  anthropomorphic  head  phantom  are  shown  in  Figure  7.  Figure  7  (a)  shows  one 
slice  of  the  reconstructed  images  from  projection  data  acquired  with  10  mA  protocol.  Figure 
7(c)  shows  the  reconstructed  image  from  PWLS  processed  10  mA  sinogram.  Figure  7(d) 
shows  the  same  slice  of  the  image  reconstructed  from  sinogram  obtained  with  80  mA.  It  can 
be  observed  that  noise  in  10  mA  CT  images  is  efficiently  suppressed  after  the  sinogram  are 
processed  by  the  PWLS  algorithm.  The  processed  low-dose  CT  (10  mA)  image  is  very 
similar  to  that  of  its  corresponding  high-dose  image  (80  mA)  by  visual  judgment.  Standard 
deviation  of  the  noise  in  a  uniform  ROI  (as  indicated  by  an  arrow  in  Fgure7(d))  is 
2.8x10  3  in  low-dose  (10mA)  image  and  0.951x10  3  in  its  corresponding  high-dose  image. 
After  the  low-dose  sinogram  is  processed  by  the  PWLS  algorithm  with  smoothing 
parameter  / 3  =  0.05 ,  the  standard  deviation  of  the  same  ROI  is  0.955  x  10”3 ,  which  is  fairly 
close  the  noise  level  of  the  80  mA  image. 
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To  further  illustrate  how  the  edge  information  is  affected  by  the  PWLS  sinogram 
smoothing,  in  Figure  7(e)  we  show  the  difference  image  between  Figure  7(a)  and  (c).  In  the 
difference  image,  random  noise  is  dominant  and  no  edge  or  structure  can  be  observed.  This 
indicates  edge  information  is  well  preserved  in  the  PWLS  processed  images. 

IV.  Discussion 

Generally,  noise  reduction  for  CT  imaging  can  be  performed  in  three  spaces:  projection  data 
(either  before  or  after  logarithmic  transform),  filtered  projection  data  (before  backprojection 
operation  during  reconstruction),  and  reconstructed  CT  images.  During  filtering  and 
backprojection  operation,  the  noise  properties  will  change  significantly.  Then  noise  modeling, 
such  as  distribution  of  noise  and  variance  of  noise,  is  difficult  in  filtered  projection  data  and 
reconstructed  image.  Therefore,  in  this  work  we  chose  to  work  on  the  log-transformed  data  to 
fully  utilize  the  noise  model  of  the  projection  data  in  Radon  space  (Li  et  al.,  2004;  Wang  et 
al.,  2008). 


Accurate  noise  modeling  of  measurement  is  fundamentally  important  in  statistics- 
based  image  processing  algorithms.  Meanwhile,  the  regularization  term  also  plays  an 
important  role  for  the  performance  of  the  algorithm.  In  CT  sinogram  processing,  a  commonly 
used  regularization  takes  a  quadratic  form  with  equal  weights  for  neighbors  of  equal  distance 
■  Riviere,  2005;  La  Riviere  and  Billmire,  2005;  Li  et  al 2004;  Wang  et  al 2006).  Such 

quadratic  penalty  simply  encourages  the  equivalence  between  neighbors  without  considering 
discontinuities  in  the  image  and  may  lead  to  over-smoothing  around  sharp  edges  or 
boundaries.  In  the  presented  algorithm,  we  proposed  an  anisotropic  penalty  to  consider  the 
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difference  among  neighbors.  The  idea  was  inspired  by  the  well-known  anisotropic  diffusion 
filter  (PERONA  and  MALIK,  1990),  in  which  the  gradient  controls  the  strength  of  diffusion 


among  neighbors.  The  coupling  between  neighbors  should  be  smaller  if  the  absolute  value  of 


difference  between  them  is  smaller  and  this  kind  of  neighbor  should  contribute  less  to  the 


solution  of  concerned  pixel  (see  equation  (6)).  There  are  many  choices  that  satisfy  this 
behavior  of  weighting.  In  this  work,  the  form  the  anisotropic  weight  was  chosen  the  same  as 

the  conduction  coefficients  in  the  anisotropic  diffusion  filter  (PERONA  and  MALIK,  1990). 

i#  such  choice,  the  anisotropic  quadratic  form  penalty  discourages  the  equivalence  among 

neighbors  if  the  gradient  between  them  is  large,  and  the  edges  or  boundaries  in  the  image  will 
be  better  preserved.  This  effect  is  similar  to  that  of  anisotropic  coefficients  in  the  diffusion 

filter. 


In  the  presented  method,  the  reconstruction  of  CT  images  was  performed  by 
analytical  FDK  algorithm  for  its  speed  and  accuracy.  During  FDK  reconstruction  process, 
noise  can  also  be  suppressed  by  using  low-pass  filter.  It  has  been  reported  (Li  et  al.,  2004;  La 
Riviere,  2005)  that  statistics-based  sinogram  smoothing  algorithm  plus  FBP  reconstruction  is 
superior  to  conventional  low-pass  filters  for  noise  suppression  of  2D  fan-beam  CT.  In  this 
work,  we  also  reconstructed  the  CT  image  of  the  anthropomorphic  head  phantom  using 
Hanning  filter  with  cutoff  at  80%  Nyquist  frequency,  see  Figure  7(b).  It  can  be  observed  that 
image  reconstructed  from  PWLS-processed  sinogram  is  superior  to  the  result  of  the  Hanning 
filter  in  terms  of  noise  suppression  and  structure  preservation. 
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Similar  to  the  cutoff  frequency  in  the  conventional  low-pass  filter  during 
reconstruction,  there  is  also  a  free  parameter  [l  in  the  presented  method  which  controls  the 
trade-off  of  the  noise  level  and  the  structure  preservation  in  reconstructed  images.  In  this 
work  the  choice  of  (i  is  determined  by  the  visual  judgment.  The  optimal  choice  of  the 
parameter  fi  can  be  determined  by  more  sophisticated  ways  such  as  the  received  operating 
characteristic  (ROC)  study.  Nevertheless,  the  parameter  /?  can  be  chosen  according  to  the 
noise  level  of  the  sinogram  because  from  equation  (6),  the  solution  for  the  ideal  sinogram,  we 
can  see  that  the  parameter  /?  and  variance  a]  is  always  coupled  together.  The  noise  level  of 

lie  projection  data  is  mainly  determined  by  two  factors:  incident  photon  number  and  the  line 

integrals.  As  such,  the  parameter  /?  could  be  optimized  at  certain  mAs  level  and  treatment  site 
for  patients  of  similar  size.  In  this  work,  however,  the  parameter  is  chosen  empirically,  which 

is  justifiable  when  the  dependence  of  the  parameter  on  the  noise  level  is  weak. 


The  method  presented  in  this  paper  is  based  on  the  noise  properties  of  the  sinogram 
and  the  smoothing  constrain  or  penalty  is  applied  in  sinogram  domain.  Based  on  the  same 
noise  model,  the  smoothing  constraint  can  also  be  applied  on  the  CT  image  domain,  and  the 
statistical  iterative  reconstruction  (SIR)  algorithm  can  be  used  to  obtain  the  attenuation 
coefficients  map  by  minimizing  the  objective  function.  The  SIR-based  algorithms  showed 
some  advantages  over  conventional  fdtered  backprojection  method  for  multi-slice  helical  CT 
(Thibault  et  al.,  2007).  However,  an  obstacle  for  practical  use  of  the  SIR  is  the  computation 
burden,  especially  for  large  volume  datasets  of  CBCT.  It  takes  more  than  10  hours  to 
reconstruct  typical  volume  of  multi-slice  helical  CT  using  SIR  (Thibault  et  al.,  2007).  It  takes 
only  3  seconds  for  the  presented  sinogram  smoothing  method  to  process  one  projection 
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image  using  a  PC  with  3.0  GHz  CPU.  Parallel  computing  can  speed  up  both  SIR  and 

sinogram-based  algorithms  significantly  using  the  Cell  Broadband  Engine  (Knaup  et  al., 
2006)  and  PC  cluster  (Li  et  al.,  2005b).  It  is  possible  to  achieve  clinically  acceptable  time  for 
the  presented  sinogram  smoothing  algorithm  through  parallel  computation.  It  is  an  interesting 
research  topic  to  quantitatively  compare  the  performance  of  the  SIR-based  CBCT 
reconstruction  algorithm  and  the  statistics-based  sinogram  smoothing  method. 

When  CBCT  is  used  for  patient  setup  and  target  localization  during  radiotherapy, 
some  extra  information  may  be  taken  into  account  for  dose  and  noise  reduction.  For  example, 
complete  CT  volume  dataset  with  high  clarity  used  for  treatment  planning  is  usually 
available  before  the  treatment.  This  will  provide  strong  a  prior  information  of  the  patient 
before  each  CBCT  scan.  Prior  information  of  planning  3D  CT  has  been  proved  useful  to 
improve  image  quality  of  4D  CBCT  (Li  et  al.,  2007).  It  is  expected  that  radiation  dose  of 
CBCT  used  for  radiotherapy  can  be  further  reduced  by  incorporating  the  planning  CT 
information  into  the  image  restoration  or  reconstruction  algorithms. 

In  the  report  of  the  AAPM  task  group  75  (Murphy  et  al.,  2007),  several  dose 
reduction  strategies  for  image-guided  radiotherapy  were  discussed.  For  CBCT,  dose 
reduction  can  be  achieved  by  narrowing  field  of  view  to  avoid  delivering  radiation  to 
unnecessary  region  of  patient  (Murphy  et  al.,  2007).  Compared  with  those  hardware-based 
approaches,  software  approaches  (such  as  the  one  proposed  in  this  paper)  provide  a  more 
cost-effective  means  for  dose  reduction  of  CBCT.  In  addition  to  the  statistics-based 
reconstruction  and  restoration  algorithms,  advanced  analytical  CBCT  reconstruction 
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algorithms  (Leng  et  al.,  2007;  Zhuang  et  al.,  2006;  Zou  and  Pan,  2004;  Zou  et  al.,  2005)  may 
further  improve  low-dose  CBCT  image  quality. 


V.  Conclusion 


A  PWLS  algorithm  with  non-uniform  weights  was  proposed  to  reduce  noise  in  low-dose 
onboard  CBCT.  In  this  method,  sinogram  was  first  processed  according  to  the  PWLS 
criterion.  The  weight  for  each  measurement  was  chosen  as  sinogram  datum  variance,  where 
variance  can  be  estimated  accurately  according  to  the  sinogram  noise  model.  To  preserve 
edge  information  during  noise  reduction,  we  proposed  an  anisotropic  quadratic  form  penalty. 
The  quadratic  form  penalty  encourages  equivalence  between  neighbors  and  the  anisotropic 
penalty  provides  the  mechanism  to  control  the  influence  of  different  neighbors  according  to 
its  corresponding  gradient.  The  effectiveness  of  the  proposed  method  is  demonstrated  by  two 
experimental  phantom  studies.  The  quality  of  the  10  mA  CT  image  after  its  sinogram 
processed  by  the  PWLS  algorithm  is  comparable  to  the  image  obtained  with  80  mA  protocol. 
These  experimental  results  indicate  that  it  is  possible  to  reduce  CBCT  radiation  dose  by  a 
factor  of  1/8  without  loss  of  useful  information  for  radiotherapy. 
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Figure  1:  Incident  X-ray  intensities  across  the  field  of  view  with  80  mA  tube  current  and  10 
ms  pulse  time.  Relative  intensity  is  mainly  caused  by  the  bow-tie  filter. 
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Figure  2:  Illustration  of  the  anthropomorphic  head  phantom  used  for  evaluation  the  PWLS 
algorithm. 
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(c) 


Figure  3:  One  slice  of  FDK  reconstructed  image  of  the  CatPhan®  600  phantom  containing  a 
point-like  object:  (a)  from  projection  images  acquired  with  10  mA  tube  current;  (b)  after 
sinogram  acquired  with  10  mA  tube  current  are  processed  by  the  PWLS  algorithm;  and  (c) 
from  projection  images  acquired  with  80  mA  tube  current. 
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(c) 

Figure  4:  One  slice  of  FDK  reconstructed  image  of  the  CatPhan®  600  phantom  containing 
several  strips:  (a)  from  projection  images  acquired  with  10  mA  tube  current;  (b)  after 
sinogram  acquired  with  10  mA  tube  current  are  processed  by  the  PWLS  algorithm;  and  (c) 
from  projection  images  acquired  with  80  mA  tube  current. 


Figure  5:  profiles  though  the  central  strips  in  Figure  4  (indicated  by  ROI1). 
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(C) 


Figure  6:  One  slice  of  FDK  reconstructed  image  of  the  CatPhan®  600  phantom  containing 
several  circular  objects  with  different  intensities:  (a)  from  projection  images  acquired  with  10 
mA  tube  current;  (b)  after  sinogram  acquired  with  10  mA  tube  current  are  processed  by  the 
PWLS  algorithm;  and  (c)  from  projection  images  acquired  with  80  mA  tube  current. 
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Figure  7:  One  slice  of  FDK  reconstructed  image  of  the  anthropomorphic  head  phantom:  (a) 
from  projection  images  acquired  with  10  mA  tube  current;  (b)  using  low-pass  Hanning  filter 
with  cutoff  80%  Nyquist  frequency;  (c)  after  sinogram  acquired  with  10  mA  tube  current  are 
processed  by  the  PWLS  algorithm;  (d)  from  projection  images  acquired  with  80  mA  tube 
current;  and  (e)  difference  image  between  (d)  and  (c). 
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